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STACKING MULTIPLE NODAL NETWORKS Furthermore , stochastic gradient descent only updates the 
parameters of a neural network with a fixed , specified 

CROSS - REFERENCE TO RELATED architecture . It is not able to change that architecture . 
APPLICATIONS 

SUMMARY 
The present application is continuation of co - pending 

U.S. patent application Ser . No. 16 / 767,966 , filed May 28 , In one general aspect , the present invention is directed to 
2020 , which is a national stage application under 35 U.S.C. computer - implemented systems and methods for controlling 
$ 371 of PCT application Serial No. PCT / US2019 / 15389 , a nodal network comprising a pair of nodes . The nodes 
which claims priority to both ( 1 ) U.S. Provisional Patent comprise activation functions that are evaluatable on a 
Application No. 62 / 623,773 , titled SELF - ORGANIZING dataset according to an objective defined by an objective 
PARTIALLY ORDERED NETWORKS , filed Jan. 30 , 2018 , function . The method comprises ( a ) estimating an effect on 
and ( 2 ) U.S. Provisional Patent Application No. 62 / 647,085 , the objective caused by the existence or non - existence of a 
titled SELF - ORGANIZING PARTIALLY ORDERED NET- direct connection between the pair of nodes and ( b ) chang 
WORKS , filed Mar. 23 , 2018 , each of which is hereby ing a structure of the nodal network based at least in part on 
incorporated by reference herein in their entireties . the estimate of the effect . Changing the structure of the nodal 

network can include adding a new direct connection 
CROSS - REFERENCE TO RELATED between the nodes or deleting a pre - existing direct connec 

APPLICATIONS tion between the nodes . A nodal network includes a strict 
partially ordered set , a weighted directed acyclic graph , an 

U.S. application Ser . No. 16 / 903,980 , filed Jun . 17 , 2020 artificial neural network , and / or a layered feed - forward 
is related to the present application . It is also a continuation neural network . 
of U.S. patent application Ser . No. 16 / 767,966 , filed May 28 , In another general aspect , the present invention is directed 
2020 . 25 to computer - implemented systems and methods of reorga 

nizing a first neural network to generate a second neural 
BACKGROUND network in a manner such that the reorganization does not 

degrade performance compared to the performance of the 
Artificial neural networks have represented one of the first neural network . The first neural network can comprise 

leading techniques in machine learning for over thirty years . 30 a plurality of nodes , including nodes A and B , wherein the 
In the past decade , deep neural networks , that is networks plurality of nodes in the first network are interconnected by 
with many layers , have far surpassed their previous perfor- a plurality of arcs . The method comprises at least one of : ( a ) 
mance and have led to many dramatic improvements in adding an arc from node A to node B , unless B is less than 
artificial intelligence . It is well established that the ability to A , in a strict partial order defined by a transitive closure of 
train networks with more layers is one of the most important 35 a directed graph determined by said plurality of arcs ; or ( b ) 
factors for this dramatic increase in capabilities . deleting an arc between nodes A and B. 
However , the more layers there are in a neural network , In another general aspect , the present invention is directed 

the more difficult it is to train . This fact has been the main to yet other computer - implemented systems and methods of 
limitation in the performance of neural networks at each reorganizing a first neural network to generate a second 
point in the last five decades and remains so today . It is 40 neural network . The other method comprises at least one of 
especially difficult to train tall , thin networks , that is , net- ( a ) adding a new node to the first network ; or ( b ) deleting a 
works with many layers and only relatively few nodes per first pre - existing node in the first network where all arcs 
layer . Such tall , thin networks are desirable because , com- from the first pre - existing node have a weight of zero . 
pared to shorter , wider networks , they have more represen- Adding a new node in such an embodiment comprises ( i ) 
tational capacity with fewer parameters . Thus , they can learn 45 initializing all arcs from the new node to the pre - existing 
more complex functions with less tendency to overfit the nodes in the first network to a weight of zero ; and ( ii ) 
training data . updating weights for all the arcs from the new node by 

Even neural networks with a modest number of layers gradient descent . 
require a very large amount of computation for training . The Other inventions and innovation implementations are 
standard algorithm for training neural networks is iterative 50 described hereinbelow . The inventions of the present appli 
stochastic gradient descent , based on a feed - forward com- cation address the problems described above and others , as 
putation of the activation of each node in the network will be apparent from the description that follows . 
followed by computing an estimate of the gradient by the 
chain rule implemented by back - propagation of partial FIGURES 
derivatives backward through the neural network for each 55 
training data item , with an iterative update of the learned Various embodiments of the present invention are 
parameters for each mini - batch of data items . Typically , the described herein by way of example in conjunction with the 
full batch of training data contains multiple mini - batches . A following figures . 
round of performing an iterative update for all of the FIG . 1 is a flow chart of the overall process of training a 
mini - batches in the training set is called an epoch . A 60 self - organizing set of nodes with a strict partial order . 
significant problem in this iterative training process is that FIG . 2 is a flow chart of the iterative training procedure . 
there is a tendency for there to be plateaus , intervals of FIG . 3 is an organization chart showing relationships 
training in which the learning is very slow , occasionally among procedures and abilities introduced in other figures . 
punctuated with brief periods of very fast learning . In many FIG . 4 is a flow chart of one procedure for accelerating the 
cases , the vast majority of time and computation is spent 65 learning during an interval of slow learning . 
during these relatively unproductive periods of slow learn- FIG . 5 is a flow chart of a second procedure for acceler 
ing . ating learning during an interval of slow learning . 



15 

US 11,093,830 B2 
3 4 

FIG . 6 is a flow chart of a second embodiment of the nology associated with partially ordered sets and / or directed 
learning acceleration procedure shown in FIG . 5 . graphs or networks . A network or directed graph is a set of 
FIG . 7 is a flow chart of a third procedure for accelerating elements , called “ nodes , ” with a binary relation on the set of 

the learning during an interval of slow learning . ordered pairs of nodes . Conceptually , the network or graph 
FIG . 8 is a flow chart of a process for merging two or more 5 is a set of nodes connected by directed arcs , where there is 

self - organizing partially ordered networks . an arc from node A to node B in the graph if and only if the 
FIG . 9 is a flow chart of a process for changing a ordered pair ( A , B ) is in the binary relation . In deep learning 

self - organizing network to allow connection in the opposite and , more generally , in the field of artificial neural networks , 
direction from the current partial order . there are two standard computations : ( 1 ) feed - forward acti FIG . 10 is a flow chart of a process for growing a 10 vation and ( 2 ) back - propagation of estimated partial deriva self - organizing partially ordered network to be able to tives . These computations are implemented based on the emulate a new connection that would have violated the architecture of the network and , in particular , on the directed partial order in the original network . arcs . The feed - forward computation computes , at each node , FIG . 11 is a flow chart of a process for reducing overfitting 
in a machine learning system . a sum over all the directed arcs coming into the node . The 
FIG . 12 is a flow chart of a second variant of a process for back - propagation computes , at each node , a sum over all 

reducing overfitting in a machine learning system . directed arc leaving the node . 
FIG . 13 is a flow chart of a process for merging an However , the self - organizing capability of this disclosure 

ensemble of machine learning systems into a self - organizing is based on the concept of a strict partial order on the set of 
network . 20 nodes , so the discussion will use the terminology of partially 
FIG . 14 is a flow chart of a process for creating various ordered sets as well as the terminology of directed graphs . 

kinds of specialty node sets in a self - organizing partially To avoid infinite cycles in the feed - forward computation , 
ordered network . generally the directed graphs are restricted to directed acy 
FIG . 15 is a flow chart of an analysis and training process clic graphs ( DAG ) and the partial orders are strict partial 

used in some embodiments of this invention . 25 orders . 
FIG . 16 is a flow chart of a process for training subsys- As used herein , the term “ nodal network ” can collectively 

tems of a machine learning system to learn complementary refer to a directed graph , a strictly partially ordered set , a 
knowledge . neural network ( e.g. , a deep neural network ) , or a layered 
FIG . 17 is a flow chart of a process to enable self- feed - forward network . A deep neural network is an artificial 

organized training of arbitrary networks , including recursive 30 neural network with multiple " inner " or " hidden ” layers 
networks and directed graphs with cycles . between the input and output layers . More details about feed 
FIG . 18 is a block diagram of a system for multiple feed - forward neural networks are provided below in con 

networks on subtasks . nection with FIG . 25 . 
FIG . 19 is a flow chart for a process mapping a directed The self - organizing capability of this invention is 

acyclic graph into a layered network representation . 35 described in terms of sets of nodes with a strict partial order . 
FIG . 20 is a flow chart of a process of augmenting a A strict partial order is a binary relation < defined on a set 

layered neural network . S such that the relation < is irreflexive and transitive . A strict 
FIG . 21A is a diagram of a neural network arranged in two partial order may be thought of as the abstract mathematical 

layers . generalization of the usual “ less than ” relation for ordinary 
FIG . 21B is a diagram of a neural networking having the 40 numbers . A strict partial order has the following character 

same directed acyclic graph as FIG . 21A arranged in four istics : 
layers . 1. A < A is false for all A ( irreflexivity ) . 
FIG . 21C is a diagram of a neural networking having the 2. If A < B and B < C then A < C ( transitivity ) . 

same directed acyclic graph as FIG . 21A arranged in six Together , irreflexivity and transitivity also imply asymme 
layers . 45 try : 
FIG . 22A is a diagram of a neural network . 3. If A < B then not B < A ( asymmetry ) . 
FIG . 22B is a diagram of the neural network of FIG . 22A In some embodiments , the self - organizing capability will be 

with the connection between two of the nodes reversed . generalized to networks with an arbitrary binary relation . 
FIG . 22C is a diagram of the resulting neural network To implement machine learning on a partially ordered set , 

from FIG . 22B arranged in a layered configuration . 50 there needs to be an associated set of trainable parameters . 
FIG . 23A is a diagram of a neural network . These associated parameters can comprise a set of connec 
FIG . 23B is a diagram of the neural network of FIG . 23A tion weights associated with each ordered pair of elements 

undergoing a process of linear companion nodes being ( A , B ) . The weights can only be non - zero if A < B . However , 
added to a non - linear node . the zero - valued variables are still significant because the 
FIG . 23C is a diagram of the neural network of FIGS . 23A 55 partial derivative of the objective function may be non - zero 

and 23B undergoing a process of linear companion nodes even for pairs ( A , B ) for which A < B is not true . Evaluating 
being added to a non - linear node . these partial derivatives is an essential part of the self 

FIG . 24 is a diagram of a computer system such as may organizing process . 
be used in various illustrative embodiments of the invention . An important concept in partially ordered sets is that of 
FIG . 25 is a diagram of a deep feed - forward artificial 60 cover . An element B in a partial order with the relation < is 

neural network such as may be used in various illustrative said to " cover " the element A if A < B and there is no element 
embodiments of the invention . C such that A < C < B . The concept of cover is important in 

understanding and managing the process of self - organizing 
DESCRIPTION by making changes in the associated partial order . 

If either A < B or B < A , then the two elements are said to 
The present disclosure sets forth various diagrams , flow- be comparable . That is , the two elements can be compared 

charts , and / or examples that will be discussed in the termi- to see which is less than the other . A set of elements for 

65 



US 11,093,830 B2 
5 6 

which every pair is comparable is called a linear order or closure graph . ” As the name implies , the transitive closure 
total order . Such a set is also called a chain . graph T of directed graph G results from adding an arc from 
Two elements A and B for which neither A < B nor B < A are node A to node C whenever there is a node B such than ( A , 

said to be " incomparable . " A subset of incomparable ele B ) is in DAG G and ( B , C ) is in DAG G , continuing that 
ments of a partially ordered set is called an “ antichain . ” The 5 process until the relation associated with the resulting graph 
concept of antichain is important because the feed - forward is transitive . The relation associated with a DAG that is 
and back - propagation computations can each be computed transitive is a strict partial order . Any two DAGs that have in parallel for all elements of any antichain . Thus , the the same transitive closure graph will have the same asso antichains are the natural generalization to the domain of ciated partial order . partially ordered set of the layers in a layered feed - forward 10 The process of self - organizing a network may comprise neural network . In this discussion , a layered feed - forward 
neural network is defined to be a directed acyclic graph in the steps of adding and deleting arcs and the process of 
which the nodes are divided into numbered layers such there self - organizing learning may comprise the steps of evaluat 
is no directed are going from a node A in layer m to a node ing the performance or response of the network resulting 
B in layer n , if nsm . This definition implies that no node is 15 from adding and deleting arcs . An arc cannot be added from 
connected to any other node in the same layer , so all the node B to node A in a DAG G if A < B in the partial order < 
nodes in each layer are incomparable . associated with the transitive closure of G. Therefore , plan 

Every layered feed - forward network defines a unique ning and managing the process of self - organizing DAGs is 
directed acyclic graph . However , the relationship is not fundamentally tied to their associated partial orders . 
one - to - one . For every directed acyclic graph , there may be 20 Changes in the associated partial order affects the ability to 
more than one way to assign the nodes to layers . Thus , there add other arcs in the future . 
is a distinction between the space of layered feed - forward Some changes to a DAG are much more consequential 
networks and the space of directed acyclic graphs . Further- than others . An arc from A to B may be added to a DAG G 
more , this distinction has consequences . Although , the sto- if either A < B or if A and B are incomparable . If A < B , then 
chastics gradient descent updates are equivalent for any 25 the arc from A to B is in the transitive closure of G and 
layered feed - forward networks that share the same directed adding the arc does not change the associated partial order . 
acyclic graph , the implementation of parallel computation , If A and B are incomparable , then adding an arc from A to 
for example , may be different . The impact of self - organizing B will change the partial order and will affect the ability to 
learning may be even greater . The choice of a mapping from add other arcs in the future . 
a directed graph to a layered network may affect the ease of 30 On the other hand , dropping an arc from A to B in DAG 
adding nodes and arcs in desired positions in later steps of G changes the associated partial order if and only if B covers 
self - organizing learning . A. The effect on the ability to make future changes to a DAG 

For example , FIG . 21A depicts a layered feed - forward G can be expressed more directly in terms of its transitive 
network consisting of nodes A - F with node A connected to closure graph T , the associated partial order < , and the cover 
nodes D - F , node B connected to nodes D - F , and node C 35 graph , rather than in terms of DAG G itself . That is , all the 
connected to nodes E and F. It should be noted that nodes A , directed acyclic graphs that have the same transitive closure 
B , and C are incomparable and thus form a first antichain may be considered to be representatives of the same point in 
and nodes D , E , and F are also incomparable and thus form self - organizing space . Changes from one to another among 
a second antichain . In FIG . 21A , the feed - forward network the DAGs that share the same transitive closure does not 
is distributed into two layers . However , the same composi- 40 make a fundamental change in the self - organizing process . 
tion of nodes and connections between the nodes can also be In other words , the point in the self - organizing process is 
distributed into three layers , four layers ( as depicted in FIG . characterized by the partial order < rather than by the 
21B ) , five layers , or six layers ( as depicted in FIG . 21C ) . particular DAG that presently represents that partial order . 
Furthermore , there can be additional variations in the net- The DAG , however , represents which feed - forward and 
works defined by this illustrative directed acyclic graph in 45 back - propagation computations are being done , which in 
that the nodes can be arranged differently among the layers turn determines which connection weight training updates 
than as they are depicted in FIGS . 21A , 21B , and 21C . All can be done . To reasonably decide whether an arc from A to 
of these examples define the same directed acyclic graph B should be added or deleted , the gradient of the objective 
because they have the same composition of nodes and the with respect to its connection weight must be computed even 
same relationships between the nodes . The only difference 50 if the connection weight is not being updated . To do the 
between the networks is the configuration in which the feed - forward computation , any non - zero connection weight 
nodes are arbitrarily assigned to layers . must have its arc included in the DAG that implements the 

Most of the discussion in this disclosure will represent computation . However , such a connection weight may be 
networks and the computations on a network in terms of a fixed or frozen , that is , not having its weight parameters 
directed acyclic graph and the corresponding strict partial 55 being updated . Thus , there are several distinct , but related 
order . In most cases , it will not matter if or how the network concepts for sets of ordered pairs ( A , B ) in network N or a 
is organized into layers . The exceptions will be the method DAG G : 
illustrated by FIG . 19 , which will distinguish among the 1. Connected ( AB ) : A is said to be connected to B if the 
different layered networks that may correspond to the same directed arc from A to B is in the DAG G , the set of arcs 
directed acyclic graph and node placements in FIG . 20 , 60 for which the feed - forward and back - propagation com 
which will be consistent with an existing set of layers . putations are done . 

For any strict partial order , there are several associated 2. Zero / Non - zero : A weight for the connection from A to 
DAGs . One associated DAG is the " cover graph ” in which B may be non - zero only if the connection ( AB ) is in 
there is a directed edge from node A to node B for any pair the DAG ; however , some connections in the DAG may 
of elements such that B covers A. Another associated DAG 65 have zero - valued connection weights . 
is the graph in which there is a directed edge from A to B for 3. Active / Inactive or Unfrozen / Frozen : A connection 
every pair such that A < B . That graph is called the “ transitive ( AB ) is active if its connection weight is being 
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updated in the iterative learning . A frozen connection then the network architecture has been altered such that 
weight may be zero or non - zero . there are now only three cover pairs : ( A , D ) , ( B , C ) , and ( D , 

4. Monitored : An ordered pair of nodes < A , B > is said to B ) . In other words , in addition to the ( B , D ) cover pair being 
be monitored if , for each training data item , data is reversed , ( A , C ) is no longer a cover pair because it is now 
collected and accumulated for multiple data items . For 5 no longer true that there is no element X such that A < X < C . 
example , if < A , B > is connected and the connection is This is because A is now also connected to node C through active , then data for estimating the partial derivative of nodes B and D ( i.e. , X includes B and / or D ) . This change in the objective with respect to the weight associated with the network architecture can be represented visually by FIG . 
the connection is monitored and is accumulated across 22C , for example . each mini - batch of data . Similarly , a pair of nodes < A . 10 Provided below is a summary list of properties related to B > that is not connected may be monitored to collect 
data to help decide whether a connection from A to B these concepts that affect the self - organizing process or 
should be added to the network . This example and other computation and memory requirements : 

1. A directed arc from A to B cannot be added to a DAG examples will be discussed in more detail in association 
with FIG . 2 and other figures . if B < A . 

5. Associated partial order : The relation A < B associated 2. If A < B , a directed arc from A to B may be added to a 
with the transitive closure of the DAG G. DAG without changing the associated partial order . Its 

6. A is covered by B : A < B and there is no C such that connection weight is initially set to zero so as not to 
A < C < B in the associated partial order < . change the computation . 

Each of the concepts identified above defines a binary 20 3. If A is incomparable to B , adding a directed arc from 
relation on the set of nodes that is consistent with the A to B or from B to A will change the associated partial 
directions of the arcs . Therefore , each of these concepts order . 
defines a DAG . 4. An arc may be dropped from a DAG without changing 

For the purpose of talking about the feed - forward and the computation if and only if the connection weight for 
back - propagation computations , let DAG G be the compu- 25 the arc is zero . 
tation graph : An ordered pair ( A , B ) is in the computation 5. A directed arc ( AB ) may be dropped from a DAG G 
graph G if either the connection ( AB ) is active or the without changing the associated partial order if and 
weight for the connection ( A ? B ) is non - zero . The amount only if B is not a cover of A. of computation required for a data item for either the 6. The state of the self - organizing process is characterized feed - forward activation of the network or the back - propa- 30 by the associated partial order . gation is proportional to the number of ordered pairs in the 7. Freezing or unfreezing a directed arc affects the update computation graph . 
The computations , including weight updates , are naturally computation but not the state of the self - organizing 

discussed in terms of the computation graph G. The adding process . 

and deletion of arcs in the self - organizing process are 35 8. A connection weight being zero or non - zero affects the 
naturally discussed in terms of the associated strict partial feed - forward and back - propagation computations but 
order and the associated transitive closure graph . not the state of the self - organizing process . 

In the standard implementation of feed - forward neural 9. Less computation and memory is required if a connec 
networks , including the networks that result from unfolding tion weight is frozen to be zero . 
recursive neural networks through back - propagation - in- 40 10. For a connection weight to be updated , its directed arc 
time , the network corresponds to the computation graph . All must be monitored . 
arcs in the network are active . All arcs not present in the 11. Any directed arc from a node A to a node B may be 
network are inactive , their connection weights are implicitly monitored . 
zero , and they are not monitored . Thus , for a standard Unless explicitly stated otherwise , all partially ordered 
implementation of a feed - forward neural network , all the 45 networks mentioned in this disclosure will have strict partial 
properties listed above are determined just by the network orders . The main exception will be in the discussion asso 
architecture of the computation graph G. The architecture of ciated with FIG . 17. The phrase " self - organizing strict 
that network is fixed and unchanging during the parameter partially ordered network ” may be abbreviated as the acro 
learning process . nym SoPoNet . 

Note that , in that standard implementation , the gradient is 50 The partially ordered set representation is useful precisely 
not computed for any connections that are not in the com- because it enables the relation to be changed in small 
putation graph . Therefore , the necessary information for increments that can be evaluated locally , thereby enabling 
self - organization is not available . Generally , there is no self - organization to be done by gradient descent . This prop 
attempt to change the architecture during the learning pro- erty is not true if the networks are restricted to a more limited 
cess . In fact , many leading frameworks for deep learning 55 set of architectures , such as layered neural networks . 
require that the architecture of the network be specified , Although the training , including the self - organization , can 
fixed , and compiled before the iterative learning process be done autonomously for a standalone SoPoNet , some 
begins . The self - organizing process is just the opposite . The embodiments of the systems and methods described herein 
essence of self - organizing is to change the network archi- use a second machine learning system , called a “ learning 
tecture . 60 coach . ” The learning coach does not learn the same thing 

It is important to recognize how adding and deleting arcs that the first machine learning system is trying to learn . 
and / or nodes between arcs can change the network archi- Rather , the learning coach learns the knowledge that it needs 
tecture . For example , FIG . 22A depicts a feed - forward to act as a “ coach . ” For example , the learning coach learns 
network consisting of nodes A - D with four cover pairs : ( A , to recognize situations where the progress of learning by the 
C ) , ( A , D ) , ( B , C ) , and ( B , D ) . If the arc between node B and 65 first learning system is slower than it should be and thereby 
node D is deleted and replaced with a new arc oriented in the can guide the first learning system to take actions that 
opposite direction , as depicted in dashed lines in FIG . 22B , accelerate the learning process . As will be seen in the 
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discussion of the diagrams , there are many kinds of actions a “ global minimum ” of the previous fixed network , based on 
that a SoPoNet can do that will accelerate the learning derivatives of parameters that are not in the parameter space 
process . of the fixed network . That is , based on derivatives of weight , 

Prior to discussing the following diagrams , there are a few parameters for arcs that are not yet part of the network . 
things that should be noted regarding the generality of the 5 The learning in a self - organizing partially ordered net 
terminology used in the descriptions of the diagrams . First , work is distinguished from gradient descent or stochastic 
the term “ node ” is used throughout the discussion . With gradient descent learning in a fixed network because its 
special hardware , such as a tensor core in a graphics parameters are not limited to the parameter space of a fixed 
processing unit , it is convenient to treat a block of , e.g. , 4 network . It is distinguished from any process of changing 
nodes as a single unit . Just as two single nodes may be 10 the network by large steps or by trial - and - error because it 
connected by a directed arc with an associated weight , a first evaluates derivatives for parameters that are not in the 
node block of m nodes may be connected with second node parameter space of current network and it finds node pairs 
block with n nodes by a directed arc associated with an mxn for which the derivatives are non - zero . It can do iterative , 
weight matrix . A tensor core can compute a 4x4 matrix gradient - based learning in the generalized , ever - changing 
product in a single operation , so it is very convenient and 15 parameter space . There is no loss of generality compared to 
efficient to arrange the nodes in node blocks of up to 4 nodes large - step , trial - and - error network architecture exploration , 
each . In all the discussions of the diagrams , the term “ node ” because such exploration techniques can always be used in 
can be understood to also refer to a " node block ” and the addition to the process of self - organizing of a SoPoNet , as 
“ weight ” associated with an arc can be understood to also illustrated in FIG . 18 . 
refer to a “ weight matrix . " It is also to be understood that the 20 The following description has set forth aspects of com 
condition of an arc weight being zero - valued , in the weight puter - implemented devices and / or processes via the use of 
matrix case , refers to the condition that all the values in the block diagrams , flowcharts , and / or examples , which may 
matrix are zero . contain one or more functions and / or operations . As used 

Second , a “ SoPoNet ” is to be understood to be a gener- herein , the term “ block ” in the block diagrams and flow 
alization of a layered deep neural network , not a restriction . 25 charts refers to a step of a computer - implemented process 
Any neural network for which the feed - forward computation executed by a computer system , which may be implemented 
is feasible must be a DAG to avoid cycles in the computa- as a machine learning system or an assembly of machine 
tion . For any DAG G , there is a unique associated strict learning systems . Each block can be implemented as either 
partial order , the partial order of the transitive closure of G. a machine learning system or as a nonmachine learning 
Thus , any of the processes described in the following 30 system , according to the function described in association 
diagrams may be done as an operation on any DAG , whether with each particular block . Furthermore , each block can 
the strict partial order is explicit or implicit . A SOPONet can refer to one of multiple steps of a process embodied by 
be derived from any DAG , which in turn can represent any computer - implemented instructions executed by a computer 
layered , feed - forward neural network . Extra operations are system ( which may include , in whole or in part , a machine 
available to enable the self - learning capabilities of a SoPo- 35 learning system ) or an individual computer system ( which 
Net , but these extra capabilities in no way restrict the ability may include , e.g. , a machine learning system ) executing the 
of a SoPoNet to do any of the operations available for a described step , which is in turn connected with other com 
regular layered , feed - forward neural network . puter systems ( which may include , e.g. , additional machine 

Third , “ slow learning " is a relative term , depending on the learning systems ) for executing the overarching process 
goals of the user of the machine learning system and the 40 described in connection with each figure or figures . 
complexity of the problem . The user can select any criterion FIG . 1 is a flowchart of the general process of training a 
to determine when learning is “ slow ” and may use a learning self - organizing network . For convenience of computation , 
coach to implement the detection of the condition and adjust the network is first organized by a computer system such as 
hyperparameters in the detection criterion as the situation illustrated in FIG . 24 into a set of nodes , as indicated in box 
requires . However , an important case has special terminol- 45 101 . 
ogy that is interpreted differently in a self - organizing net- In box 102 , the computer system imposes a strict partial 
work than in a fixed network . One of the leading causes of order on the set of nodes . This also sets the state of the 
a sustained interval of slow learning occurs when the current self - organizing process and determines the transitive closure 
parameter values are near a stationary point . This stationary of which the arcs in the active computation DAG will be a 
point may be a “ saddle point , ” a “ local minimum , " or a 50 subset . 
" global minimum . ” In the discussions of the diagrams , these In box 103 , the computer system determines the cover 
terms are to be interpreted as referring to the values of the pairs for the strict partial order imposed in box 102. In the 
objective restricted to the parameter space of the fixed self - organizing process , a cover pair are treated differently 
network before any operation in which the self - organizing from a node pair ( A , B ) for which A < B but that is not a cover 
process makes a change in the architecture of the network . 55 pair because deleting the arc for the non - cover - pair does not 
In the fixed network , gradient descent will converge to a change the associated strict partial order , but deleting the arc 
“ local minimum ” or a “ global minimum ” from any point in for the cover pair does change the strict partial order . 
a region around that minimum . The iterative learning pro- In boxes 104 , 105 , and 106 , the computer system deter 
cess cannot escape from a local minimum without making a mines the active computation DAG G and which of the 
discontinuous jump change in the values of the parameters . 60 connection weights will be non - zero . In some embodiments , 
In contrast , the self - organizing process of a SoPoNet only a small fraction of the ordered pairs of nodes A < B are 
changes the network architecture and changes the parameter active and only a small fraction of the arcs in the DAG are 
space . Furthermore , many of the processes illustrated in the initialized with non - zero connection weights . 
following diagrams choose changes in the network such that In box 107 , the computer system selects the pairs of nodes 
the derivatives of some of the new parameters are guaran- 65 ( A , B ) that will be monitored . This selection must at least 
teed to be non - zero . This property makes it possible to make include all ordered pairs corresponding to non - frozen 
incremental changes that can escape from a minimum , even directed arcs in the active computation DAG G. 



10 

US 11,093,830 B2 
11 12 

In box 108 , the computer system performs the iterative above . If the epoch is completed , then the process continues 
training process , which is shown in more detail in FIG . 2 . to box 207. In box 207 , the computer system updates the 
Box 110 represents a learning coach . A learning coach is weight parameter estimates . 

a second machine learning system that learns knowledge In some embodiments , in addition to the normal objective 
about the learning process in order to coach a first learning 5 and regularization terms , the objective J may include cost 
system to have more effective learning so as to achieve terms from activation targets for interior nodes and regular 
better performance . The learning process for a SoPoNet , ization from soft - tying node activations and connection 
combining the self - organizing and stochastic gradient weight values in various ways . These additional objectives 
descent learning mechanisms working simultaneously with will be explained further in association with other diagrams . 
directed graphs and associated strict partially ordered sets is The quantities act ( A , m ) ( i.e. , the feed - forward activation ) 
a complex process involving balancing multiple goals . In and d ( B , m ) ( i.e. , the partial derivative of the objective ) are 

used in various embodiments in boxes 208 and 209 and in some embodiments , a learning coach is used to help guide other figures . this process in ways that are presented in more detail in In boxes 208-210 , the computer system performs opera association with FIG . 2 and other figures . More details about 15 tions specific to the self - organizing learning process for a set an exemplary learning coach are described in ( i ) WO 2018 / with a strict partial order , based on the concepts discussed in 
063840 , titled LEARNING COACH FOR MACHINE the introduction . 
LEARNING SYSTEM , filed Sep. 18 , 2017 , and ( ii ) PCT In box 208 , the computer system decides whether to add 
application WO 2018/175098 , titled LEARNING COACH a connection that is in the transitive closure of the current 
FOR MACHINE LEARNING SYSTEM , filed Mar. 5 , 2018 , 20 network or delete a connection whose node pair is not a 
both of which are herein incorporated by reference in their cover pair . 
entirety . In one embodiment , to decide whether to add a connection 

FIG . 2 is a flow chart for the iterative training process . The from node A to node B to the current network , the computer 
training is based on gradient descent or stochastic gradient system makes an estimate of the expected improvement in 
descent , so the process of this flow chart is similar to any 25 the objective that may be achieved by a modified network 
iterative training based on gradient descent . Several of the that includes the additional connection . In some embodi 
computation boxes represent computations that are essen ments , the connection weight of the new connection is 
tially identical to corresponding computation boxes in a flow initialized to zero . In these embodiments , the value of the 
chart for training a layered neural network . The greatest objective in the modified network so initialized is identical 
difference in the implementation of the computation is due 30 to the value of the objective in the unmodified network . 
to the fact that , during the self - organization , the antichains Improvement in the objective is then obtained by iterations 

of stochastic gradient descent that include the connection of the relation < are constantly changing . Therefore , the weight of the new connection as an additional learned computation cannot be implemented on any library of learn parameter . 
ing functions or framework , such as TensorFlow , that In one embodiment , this estimated future improvement in requires that the network be precompiled and not be changed the objective is computed as : VADC ( A , B ) = [ Bpmact during the iterative training . ( A , m ) 8 ( B , m ) ] / EmPm + y , where VADC ( A , B ) is the estimated In boxes 201-207 , the computer system implements feed “ Value of Adding a Direct Connection ” from node A to node 
forward , back - propagation , and update computations for B. In the aforementioned expression , ß and y are hyperpa 
stochastic gradient descent training based on estimating the 40 rameters , act ( A , m ) is the feed - forward activation , 8 ( B , m ) is 
gradient of the objective with respect to each connection the the partial derivative of the objective with respect to the 
weight by performing for each training data item in a input to each node B , and Pm is a data influence weight used 
mini - batch , a feed - forward activation computation followed in some embodiments of the invention . The value of pm for 
a back - propagation computation of the partial derivatives of data item m may be set by learning coach 220. The sum 
the objective , averaged over the mini - batch and used for a 45 mation in m is a summation over a set of data that may be 
stochastic gradient descent update of the learned parameters , specified by a system developer or that may be determined 
the connection weights and node biases . The feed - forward and adjusted by learning coach 220. In some embodiments , 
computation , the back - propagation computation , and the as mentioned in the previous paragraph , when a new con 
iterative update for each mini - batch are well - known to those nection is added to a network , its connection weight is 
skilled in the art of training neural networks . 50 initialized to zero . If the value of Pm is one for all m , the 

In box 204 , the computer system computes the feed value of ß is one , the value of y is zero , and the summation 
forward activation of each node . That is , for each training is over the data items in the current mini - batch , then 
data item m and for each node A , the computer system VADC ( A , B ) as defined above is the same as the mini - batch 

estimate of the partial derivative of the objective with computes act ( A , m ) . 
Among other things , in box 205 , the computer system 55 respect to the new zero - valued connection weight for the 

newly added connection . Thus , VADC ( A , B ) is a general computes , for each training data item , the partial derivative ization of the gradient descent update computation . of the objective with respect to the input to each node B. 
That is , it computes However , in some embodiments , the value of ß is greater 

than one and the summation may be over a larger set of data 
60 than the current mini - batch . For example , the summation 

may be over the full batch of all the training data . The value 
8 ( B , m ) = dinput ( B , m ) of the hyperparameters ß and y , the range of m , and the 

values of Pm for each m may be set by the system developer 
or may be determined by the learning coach 220. In various 

In box 206 , the computer system determines whether the 65 embodiments , the learning coach 220 may set different 
mini - batch is completed . If the epoch is not completed , then values for these hyperparameters depending on the current 
the process returns to box 203 and proceeds as described situation in the training . In some embodiments , the data 
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items m in the summation for VADC ( A , B ) may comprise weight w is non - zero , there is an additional negative 
development data that has been set aside and is disjointed factor for the estimated cost of setting the effective connec 
from both the training data and the validation data . tion weight to zero . In one embodiment , the “ Cost of 

In various embodiments associated with FIGS . 4-7 , the Deleting the Connection ” from A to B can be represented as : 
learning coach 220 detects a situation of slow learning , such 5 CDC ( A , B ) = - ( Em [ Pmact ( A , m ) ( B , m ) ] / Em Pm ) * ( B + / WA , 
that the magnitude of the estimated gradient has been small Bly . In the aforementioned expression , WA , B is the weight 
for a substantial number of iterative updates . This situation of the connection between node A and node B. In some 
implies that the value of the expression act ( A , m ) ( B , m ) in embodiments , the extra factor proportional to W4 , Bl is 
the estimate of VADC ( A , B ) is likely not to change very reduced or eliminated by using regularization , such as L1 
much over the course of a number of future iterative updates 10 regularization , to tend to drive the magnitude of the con 
because the learned parameters for the rest of the network nection weight W4 , B toward zero . In some embodiments , 
are not changing very much . Thus , the total change in the learning coach 220 may give regularization a higher coef 
value of the objective will accumulate with similar incre- ficient for connection weights associated with connections 
ments over multiple updates and the value of ß is set to that learning coach 220 might want to delete . 
estimate the total improvement in the objective due to the 15 Although not shown explicitly , box 208 also decides 
new connection from node A to node B over the course of whether to freeze the weight parameters of an arc or to 
these future updates . Similarly , various embodiments asso- activate frozen weights . The considerations for freezing or 
ciated with FIGS . 7 , 8 , 10 , 13 , 15 , and 16 involve processes unfreezing a weight are similar to , but not quite the same as , 
in which a second network is added to a first network or a the considerations for creating or deleting an arc for a node 
collection of networks are merged . In these situations , each 20 pair ( A , B ) when A < B in the current strict partial order . 
network in the set of networks being merged may be All non - zero weights and all non - frozen connection 
pre - trained to convergence or near convergence , which weights must be included in the DAG G. Any frozen 
again implies that the values of act ( A , m ) and d ( B , m ) will not zero - valued connection weight that is associated with a 
change very much for a plurality of future iterative updates . non - cover pair may be dropped from the DAG without 
Thus in various embodiments associated with the aforemen- 25 changing the computation or the associated partial order . 
tioned figures , the value of the hyperparameter ß should be A zero or non - zero connection weight may be frozen 
greater than one . More generally , in the process associated either to save computation and memory or to reduce the 
with FIG . 2 , the learning coach 220 controls when the number of degrees of freedom to avoid or reduce overfitting . 
process proceeds by looping from box 207 back to box 202 A non - zero connection weight may be unfrozen to allow 
and when , instead , the process proceeds to box 208. In 30 weight decay to drive it to zero . A zero - valued connection 
situations in which learning coach 220 postpones proceeding weight may be frozen to keep it at zero so that its associated 
to box 208 until the iterative update of learned parameters of arc is eligible to be dropped in the self - organizing process . 
the loop from box 201 box 207 has converged or These decisions may be made by fixed rule or with the 
approached a stationary point for the current network archi- guidance of a learning coach 220 . 
tecture , learning coach 220 may set a higher value for ß as 35 As another example of the opportunity to create new arcs , 
discussed above for the situations occurring in other figures . as mentioned previously , the processes that merge two or 

The value of y is an extra correction term set by the system more networks usually initialize most of the potential cross 
designer or set by the learning coach 220 based on training connections to be inactive . This situation is similar to the 
received by the learning coach 220 from prior experience in initial training situation described above , except the new 
estimating the value VADC ( x , y ) for node pairs < x , y > in 40 arcs might not even be in the transitive closure of the 
similar situations . In some embodiments , such prior expe- initially merged network , so box 209 will be involved , as 
rience can also used in training the learning coach 220 to well as box 208 . 
select a value for ß . In both of these situations , it may be a good strategy to 

In some embodiments , learning coach 220 may treat Pm have policies and design controls that make it easy to create 
for each value of m as a separate hyperparameter . For 45 new arcs and to make them active . One embodiment of this 
example , learning coach 220 may use a larger value of Pm strategy is to introduce a specified number of new arcs per 
a data item m for which there is an error or close call when updated cycle . These new arcs could be chosen , for example , 
data item m is used as a recognition target . On the other primarily based on the magnitudes of the partial derivatives 
hand , learning coach 220 may use a smaller value of Pm for of the objective . However , other considerations and trade 
a data item m for which learning coach 220 detects evidence 50 offs would also need to be taken into account . This strategy 
that data item m is an outlier or evidence that data item m could be implemented by a number of design rules con 
is causing the training to over fit the training data thus trolled by hyperparameters . In one embodiment , these 
producing reduced performance on new data . In some hyperparameters could be flexibly controlled by a learning 
embodiments , learning coach 220 may collectively optimize coach 220 . 
the vector of values Pm using a procedure such as described 55 This learning coach 220 is a second machine learning 
in association with FIG . 11 or 12 . system that learns to model the effect of the hyperparameters 

In box 208 , the computer system also decides for a node on the effectiveness of applying the associated learning 
pair < A , B > with an existing direct connection from A to B , strategy to the learning process of the first machine learning 
whether to delete that connection . For this decision , the system . In addition , the learning coach 220 can take addi 
computer system estimates CDC ( A , B ) , i.e. , the “ Cost of 60 tional measurement of the state of the first machine learning 
Deleting the Connection ” from A to B. The function CDC ( A , system and the rate of progress of its learning and learn to 
B ) is only defined for ordered pairs < A , B > for which there optimize the hyperparameters to achieve the best final 
is a direct connection . In estimating CDC ( A , B ) , the cost of performance and learn the optimum network architecture 
the missed opportunity of improvement in the objective and weight parameters as quickly as possible , with some 
from future updates is estimated similarly to the estimation 65 specified trade - off between these dual objectives . 
of VADC ( A , B ) for a new connection , but with a negative Another situation in which it may be beneficial to add 
value . In addition , if the current value of the connection additional arcs is a situation in which the performance 

for 
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improvement in the learning is relatively slow , especially sequent training by gradient descent , it always improves 
when that slow performance improvement is accompanied , performance , except at a stationary point . Moreover , the 
perhaps caused , by partial derivatives of small magnitude . selection rule of having a large objective function gradient 
One possible tactic in such a situation is to make active new guarantees that the network with the new arc added will not 
parameters that were not active in the previous training and 5 be at a stationary point . As already mentioned , there is a 
therefore have not been trained to a point of low magnitude trade - off between adding an arc for immediate performance gradient . If necessary , these new weight parameters are improvement and saving it for later when , perhaps , it will made available by adding arcs that were not previously have an even greater impact . present in the network . Thus , this tactic can be applied either 
to ( i ) freezing and unfreezing or ( ii ) adding and deleting arcs 10 short - term and long - term objectives of even greater conse Taking account of box 209 makes the trade - off between 
that do not change the partial order . 

This tactic , however , involves a trade - off . Adding a quence as well as more complex . An arc from node A to node 
B that has a weight of zero may be dropped from the network parameter to the set of actively trained parameters makes 

that parameter no longer available for this tactic in the without changing the computation . There is no direct gain in 
future . Therefore , one embodiment of this tactic introduces 15 performance , but there is a potential long - term benefit . 
the new arcs and newly active parameters gradually . The Potential long - term benefits include several different poten 
optimum rate of introduction might even be less than one per tial benefits : ( 1 ) the benefit that is an extension of the tactic 
update cycle . mentioned above , in which the arc is taken out of active 

There also need to be rules and hyperparameter - based training long enough so that it is available to again be 
controls for deleting arcs and for freezing arc weights . 20 introduced as a fresh parameter ; ( 2 ) the benefit of lowering 

In one embodiment , these rules and controls take into the number of degrees of freedom ; and ( 3 ) the benefit of 
account the asymmetry between adding an arc and deleting potentially reducing the number of side chains , perhaps 
an arc . For a node pair ( A , B ) for which A < B , an arc can be causing more pairs to become cover pairs and opening up the 
added at any time without changing the associated strict opportunity to be discussed next . 
partial order . In addition , if the arc weight is initialized to 25 Dropping the arc from node A to node B , where B covers 
zero , the arc can be added without any change to the node A , changes the associated partial order . There is no imme 
activations computed in the feed - forward computation and , diate improvement in performance , but it may create new 
therefore , without change in performance and , therefore , opportunities , perhaps including immediate opportunities to 
without any decrease in performance . This lack of degrada- add arcs that previously were not allowed . The potential 
tion in performance is guaranteed and does not need to be 30 immediate new opportunity that is easiest to evaluate is the 
verified by testing the performance even on the training data . opportunity to create the arc from B to A. When an arc is 
On the other hand , an arc with a non - zero weight cannot dropped , the opportunity to create the reverse arc is available 

be safely dropped from the network . This cre es an asym only if A and B become incomparable when the arc from A 
metry in the ability for a self - organizing network to add or to B is dropped . By definition , A and B become incompa 
delete arcs . Thus , the rules for creating and deleting arcs 35 rable if there is no node C , such that A < C < B . That is , if B 
need to compensate for this asymmetry . was a cover for A. 

For example , there may be a bound on the rate at which The estimated gain or loss from adding the reverse arc 
new arcs can be added dependent on the number of arcs that from B to A is the sum of the estimated gain from adding the 
have been deleted . As another example , in addition to only new , reverse connection and the loss from deleting the 
adding arcs with the largest magnitude objective function 40 existing connection , that is VADC ( B , A ) + CDC ( A , B ) , where 
partial derivatives , there can be a threshold value not allow- the second term is has a negative value . This quantity can be 
ing any new arc to be added unless the magnitude of its computed by subtracting the indicated terms from the regu 
objective function exceeds the threshold value . The thresh- lar computation . It can be computed during the previous 
old value can be adjusted by fixed rules or by the learning update cycle to evaluate the potential of the reverse con 
coach 220 to help match the rates of arc creation and 45 nection before deciding to drop the arc from A to B. This 
deletion to the strategy for the current situation . quantity can also be computed for node pairs ( A , B ) for 

The freezing of weights has somewhat different conse- which B < A but B is not a cover for A , in which case 
quences and is done for different reasons than deleting arcs . techniques such as those illustrated in FIGS . 9 and 10 may 
A weight may be frozen at zero to reduce the amount of need to be applied to realize the opportunity for the reverse 
computation and memory . It also might be frozen at zero to 50 connection . 
delay the decision or implementation of deleting the arc . When the computer adds an arc between a node A and a 
However , a weight may also be frozen at a non - zero value , node B in box 209 , where A and B are incomparable , the 
which does not save as much computation and interferes computer system creates a new cover pair . Because A and B 
with deleting the arc . However , freezing an arc with a are incomparable , this new arc can be in either direction , 
non - zero weight reduces the number of degrees of freedom , 55 from A to B or from B to A. As measured by the immediate 
which reduces the ability of the network to overfit the gain , the comparison is between VADC ( A , B ) and VADC ( B , 
training data . It is a reasonable tactic , especially if the weight A ) . Notice that , although these two quantities both represent 
has already been trained to what appears to be a satisfactory an arc between the same two nodes with the direction 
value , although there is no way to be sure of that conclusion . reversed , they are not simply the same quantity with the sign 

Additional trade - offs in strategy and tactics occur when 60 reversed . Their magnitudes may be completely different , and 
considering box 208 in conjunction with box 209 , with a their signs may be the same or different . In particular , one 
more complex balance between short - term and long - term may have a much larger magnitude than the other . For 
objectives . At box 209 , the computer system decides reducing the cost function , which is the objective of the 
whether or not to make any changes in the partial order < , training process , generally the direction with the larger 
and , if so , which changes to make . 65 magnitude is preferred , unless the other direction is chosen 
As mentioned above , adding arcs with weights initialized for some longer - term objective , perhaps under the guidance 

to zero never degrades performance . In fact , through sub- of the learning coach 220 . 
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This situation , in which two nodes A and B are incom- new nodes to nodes in the original network to have weight 
parable , is not rare . In fact , any two nodes in the same layer values of zero . Then , any changes in these weights are done 
in a layered feed - forward neural network are incomparable . by gradient descent , so the performance of the expanded 
The network does not compare them because neither one is network on training data will always be at least as good as 
in a higher or lower layer than the other . Also , when a 5 the performance of the original network . 
plurality of networks are being merged , initially there are no Adding and deleting nodes is even more asymmetrical 
cross - connections , so any node A that is in a first network is than adding and deleting arcs . As explained above , new 
incomparable to any node B that is in a second network . nodes or entire networks can be safely added to an existing 

Although both box 208 and box 209 are instances of network without requiring any special conditions . In that 
changing and optimizing the architecture of a network by 10 sense , adding one or more nodes is even easier than adding 
adding and deleting network elements under the self - orga- an arc from node A to node B , which requires that either 
nizing learning process , there is a sense in which the A < B or that A and B are incomparable . In addition , adding 
learning in box 208 is fundamentally different from the a node does not restrict the self - organizing process as much 
learning in boxes 209 and 210. For directed acyclic graph G , as adding a new cover pair . The expanded network is 
consider its transitive closure T and the set of weight 15 initialized to perfectly imitate the computation of the origi 
parameter vectors for T. It is a convex set . The weight nal network , and it can imitate any changes in that network . 
parameter vector for any subgraph of T is also in this set , On the other hand , adding one or more nodes to a network 
with some of the parameters set to zero . Adding and deleting always involves potential trade - offs , at least in the amount of 
arcs in box 208 does not change the value of the global computation . The decision to add nodes should be made in 
minimum for the graph T. In principle , it is possible to find 20 the context of the goals of the learning task and the overall 
the global minimum for the graph T just by gradient descent strategy for achieving these goals . For example , the goal 
in its parameter space without any self - organizing process . may be to build as large a network as can be managed as a 
Then , the adding and deletion of arcs and the freezing and research platform . In that cas a very aggressive strategy of 
unfreezing of zero and non - zero weights can be viewed adding extra nodes at any reasonable opportunity and never 
merely as tactics to accelerate the learning , to escape from 25 dropping a node may be utilized . The criteria for an oppor 
regions of slow learning . These techniques may help find the tunity to be reasonable can be flexible and can be based on 
global minimum of T , but they do not change it . the judgement of the designer or may be controlled by a 
On the other hand , if two networks are associated with learning coach . 

different partial orders , the union of their sets of weight Since any expanded network can imitate its original 
parameter vectors is not convex . A parameter vector that is 30 network , there is no absolute restriction on adding nodes . In 
a linear interpolation of a first network with a pair of nodes one possible embodiment , opportunities to add nodes could 
A and B for which A < B and a second network for which be selected at random . However , some strategies for adding 
B < A does not in general represent a directed acyclic graph . nodes may be more productive than others in more quickly 
Finding the global minimum among a set of networks that do leading to a network architecture that trains to a given level 
not share the same transitive closure is a fundamentally 35 of performance . In some embodiments , the criteria for a 
different task . The set of weight parameter vectors is a union reasonable opportunity to add nodes are based on the criteria 
of sets that only intersect at a few points that are extrema of associated with one or more of the figures listed above , such 
the sets for the individual networks . Finding the overall as FIGS . 3-8 , 10 , and / or 13-16 . 
global minimum by a local process , such as gradient On the other hand , dropping a node or a collection of 
descent , requires explicitly switching from one convex set to 40 nodes without changing the computation requires that all the 
another . That is , it requires explicitly adding or deleting the directed arcs from the node to be deleted have weight zero . 
arc for a cover pair and , by so doing , switching from one This condition can be achieved incrementally by driving 
partial order to a different one . This fundamental difference weights to zero one at a time , for example by L1 regular 
between box 208 and box 209 is the reason that the self- ization , and dropping the arc when its weight gets to zero . 
organizing process is best understood in relation to the 45 However , that is a cumbersome process . 
transitive closure and the associated strict partial order , Another embodiment for dropping nodes is to simply drop 
rather than in relation to the individual directed graphs that nodes in spite of the fact that the reduced network cannot 
share the same transitive closure , as in box 208 . exactly duplicate the computation of the original network . 

In box 210 , the computer system extends the search for a This embodiment can be implemented as an exploratory 
global minimum to networks with differing numbers of 50 process , including dropping and adding nodes to the net 
nodes . This exploration requires additional techniques , work as an instance of reinforcement learning , perhaps with 
which are detailed in FIG . 3 and later figures . the reinforcement learning implemented as part of the learn 

In box 210 , the computer system adds nodes to the ing coach 220 . 
network . In box 210 , the computer system may also drop Yet another embodiment is to train a network with one or 
nodes , but that process is more complicated and requires a 55 more nodes dropped to imitate the original network . Train 
separate discussion . Techniques related to box 210 are ing a second network to imitate a first network is a special 
discussed in more detail in many of the other figures . FIGS . case of machine learning that can be used with any two 
3-6 and 14 discuss techniques primarily aimed at adding a machine learning systems . The machine learning systems do 
single node or a small number of nodes . FIGS . 7 , 8 , 10 , 13 , not need to be self - organizing partially ordered networks or 
15 , and 16 discuss techniques primarily aimed at combining 60 any other specific technology . The two systems do not need 
two or more networks . Some of these figures discuss both to use the same technology as each other . The second system 
kinds of techniques . does not need to be a restricted version of the first system . 

Safely adding a node or a network to an existing network The capabilities of the second system may be a superset of 
is an extension of the technique for adding an arc . Any the capabilities of the first system , or they may be a proper 
number of nodes may be added to an existing original 65 subset . 
network without changing the current computation of the Imitation training consists of training the second system 
existing network by initializing all the directed arcs from the to make the same classification as the first system on a set 
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of training data that includes all the labeled and unlabeled slow . This slow learning is a very common occurrence . It is 
data that is available for the first system and an unlimited a natural consequence of optimization by gradient descent in 
amount of other data that can be created by one or more a complex system with many parameters . It is not unique to 
generators or by random perturbations , transformations , and the training of artificial neural networks or SoPoNets . Gra 
distortions of the available labeled and unlabeled data . In 5 dient descent is very good at making progress whenever 
this special imitation training task , there is no need for the some of the partial derivatives of the objective have signifi 
data to be labeled , because the training labels for the second cant magnitude . In effect , that means that gradient descent is system are the classifications made by the first system , also very good at finding regions in parameter space in regardless of the values of the " correct ” labels , whether they which the magnitudes of all the partial derivatives are small . are known or not . The techniques of FIG . 4-16 provide means to escape Thus , one embodiment for dropping nodes in a SoPoNet 
is a try - and - test methodology : the computer system selects from such regions . This property may be viewed as an 

extension of one of the advantages of self - organizing par nodes to drop by any chosen criterion and then train the 
reduced network to imitate the original , larger network as tially ordered networks . The regions of slow learning also 
well as possible . Based on a cost / performance or other 15 occur in training the weight parameters in a network with a 
objective , the computer system adopts the trial reduced fixed set of arcs . The ability of a SoPoNet to add arcs 
network or performs another trial . provides a means to escape from these regions of slow 

This discussion of embodiments for dropping nodes is learning . Adding nodes provides an additional means to 
included for logical completeness . Generally , the primary escape from regions of slow learning . 
embodiment will be in the range from a relatively conser- 20 The techniques of FIG . 4-16 also provide means to fix 
vative addition of nodes to a relatively aggressive addition other problems that may be detected during training . Thus , 
of nodes , with little or no attempt to drop nodes . at boxes 401 , 501 , 601 , and 701 the computer system may 
Box 210 completes the operations that are done for each also detect other criteria in addition to slow learning . 

mini - batch . If there are no changes for the computer system Examples of criteria detected by the computer system at 
to make in box 210 , box 209 may complete the mini - batch . 25 these boxes include : ( 1 ) detecting that for a specified number 
If there are no changes for either box 210 or 209 , then box of iterative updates , the magnitude of the estimated gradient 
208 may complete the mini - batch . In each case , control of the objective has been less than a specified value ; ( 2 ) 
returns to box 211 . detecting that the performance on training data is better than In box 211 , the computer system continues with the next 
mini - batch or , if the process is at the end of the epoch , it 30 validation testing during development , which is an indica 

the performance on a set of development data set aside for 
passes control to box 212 . tion of overfitting , especially when the difference in perfor In box 212 , the computer system checks to see if a 
stopping criterion is met . If so , it terminates . If not , it starts mance on training data and the performance on development 
the processing of the next epoch . Stopping criteria includes data increases with additional training ; ( 3 ) detecting that the 
reaching a specified limit in the number of epochs , achieving 35 system continues to make an error on a given item of 
a specified target error rate , or converging to a stationary training data over multiple epochs of training ; and ( 4 ) 
point . detecting that the performance of the system is worse than 
FIG . 3 is a block diagram indicating how the various the performance of another system or of an ensemble of 

techniques discussed herein are linked to each other or can other systems , especially if the performance difference is 
be utilized in connection with each other to create or 40 greater than a specified amount . 
effectuate particular capabilities . The arrows in FIG . 3 Note that , for simple systems , the performance of a single 
indicate how particular techniques ( as indicated by boxes system may often be significantly worse than the perfor 
301-303 ) can provide particular capabilities ( as indicated by mance of an ensemble . However , for a large neural network 
boxes 304 , 305 , 307 , and 308 ) for a nodal network , which in with many layers , such a condition may indicate a problem 
turn can be combined to provide new or additional capa- 45 in the network architecture or in the training process . There 
bilities ( as indicated by boxes 306 and 309 ) for the nodal fore , in some embodiments , the criteria for detecting prob 
network . In sum , FIG . 3 provides a framework in which to lems in FIGS . 4-16 may include criterion ( 4 ) with the 
consider and compare the various techniques described comparison against an ensemble . The correction actions in 
herein , such as adding one or more nodes to an existing some embodiments , for example those illustrated in FIGS . 7 
SoPoNet , as discussed in association with box 210 of FIG . 50 and 8 , merge two or more networks , making the capabilities 
2 . of the system being trained comparable to the capabilities of 

The end purpose of all the techniques described in asso- an ensemble . 
ciation with FIGS . 4-16 is to build and train a network with It is important to note that the regions of slow learning 
better performance . Even without box 210 , FIG . 2 represents include regions near a local or global minimum . In this 
a powerful learning mechanism for a SoPoNet to learn the 55 context , the " global ” minimum is only optimum relative to 
best performing architecture for a given number of nodes . the defined , limited parameter space . The global minimum 
Most of the techniques in FIGS . 4-16 involve adding nodes in the parameter space of connection weights for a network 
to a network or combining two or more networks into a with a fixed set of arcs is not necessarily a global minimum 
larger network . These are example implementations of box in the parameter space for a network with additional arcs . In 
210 . 60 fact , if the quantity VADC ( A , B ) is non - zero , it means that 
However , these techniques should not be viewed merely the current point is not even a local minimum in the 

as ways to build a larger network . For many of these parameter space that includes the weight parameter for the 
techniques , the primary purpose is to overcome problems new arc . All the techniques of FIGS . 4-16 extend this 
that slow the learning process or that limit the performance property to the case of adding nodes as in box 210 of FIG . 
achieved in training large networks . 65 2. That is , any technique for accelerating learning by escap 
Many of the techniques specifically address situations in ing from a region of slow learning also becomes a technique 

which the progress of learning in an existing network is very for improving the final performance when applied to escap 
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ing from the region of a local or global minimum that was network . As indicated by the link from box 301 to box 307 , 
only a minimum relative to the previous , limited parameter self - organizing partially ordered networks provide the 
space . required network integration ability . As indicated by the 
FIG . 3 provides a framework for organizing and under- links to box 309 , together these capabilities provide the 

standing some of the techniques of the later figures . Box 301 5 ability to quickly assemble large networks from comple 
represents a self - organizing set of nodes with a strict partial mentary pieces and integrate them . 
order , as described in association with FIGS . 1 and 2. Box FIG . 4 illustrates one of the techniques represented by box 
302 represents a collection of techniques for accelerating 302 of FIG . 3. In box 401 , the computer system detects a 
learning in a network by adding one or a small number of condition of slow learning or some other criterion specified 
additional nodes that supply key knowledge to enable gra- 10 by a design rule or by learning coach 410. Box 401 is similar 
dient descent to quickly find a path to a higher level of to boxes 501 , 601 , and 701 in FIGS . 5 , 6 , and 7 , respectively . 
performance . These techniques are described in association In each of these boxes , the computer system starts a process 
with FIGS . 4-6 . Box 303 represents techniques for building that adds one of more nodes to a network . Accelerating the 
collections of networks with complementary knowledge or learning in a situation in which the current progress is very 
with different architectures that produce complementary 15 slow is one of the reasons for adding nodes to the network . 
learning capabilities . These techniques are based on the Boxes 401 , 501 , and 601 each have additional criteria that is 
ability of self - organizing networks with strict partial order- specific to their respective procedure . A more detailed dis 
ing to represent the combined networks and to integrate the cussion of determining the situation of slow learning is 
pieces by automatically building cross - connections . These presented in association with box 701 . 
techniques are described in association with FIGS . 7,8 , and 20 The technique of FIG . 4 is especially broad in its range of 
15 . potential application . It can be applied to any node at any 
The rest of FIG . 3 illustrates a few of the ways these time , so detection of a condition of slow learning is not 

techniques enable each other and create new capabilities essential . To make this broad applicability clear , boxes 404 
when combined . Self - organizing partially ordered networks , and 403 will be discussed before returning to boxes 401 and 
represented by box 301 , have been described in association 25 402 . 
with FIGS . 1 and 2. Their ability to change their network Given any node in the network , in box 404 , the computer 
configuration means that their training is less likely to get system makes two new nodes that are initialized from that 
stuck in a local minimum because they can escape from a node . The two new nodes are added to the network and the 
parameter setting that might be a local minimum in a fixed original node also remains . The two new nodes have their 
architecture by changing the architecture . However , they 30 input weights initialized to be the same as the input weights 
still may have long intervals of slow learning characterized for the original node and their output weights initialized to 
by plateaus in performance . This phenomenon is not specific zero . Since the original node is still present , this initializa 
to self - organizing partially ordered network training . It is a tion means that the expanded network originally computes 
phenomenon of gradient descent in general when applied to the same activations as the original network . 
optimizing large complex systems . By its very nature , gra- 35 With the help of box 403 , in box 404 , the computer system 
dient descent is very local and myopic . The gradient only then trains the two nodes to be different from each other and 
measures an infinitesimal region around the current point . from the original node from which they were created . In box 

For example , gradient descent cannot see that adding a 403 , the computer system separates the data into two sets , 
single node or a small number of nodes might provide a based on the sign of the derivative of the objective function 
small but key bit of knowledge that would allow rapid 40 with respect to the activation of the node . Various embodi 
progress to a higher level of performance . The techniques in ments are possible with variations of this rule . For example , 
box 302 , on the other hand , can represent such small pieces the data may be split into three subsets , including one in 
of knowledge with a single node or a small number of nodes . which the magnitude of derivative is close to zero . As 
This knowledge can be trained quickly , often with one - shot another example , two or more nodes may be analyzed 
learning 45 together , with the data split by clustering the data according 

The techniques in box 302 cannot build large networks by to a clustering of the directions of the gradient vectors . When 
themselves . However , as indicated by the link to box 305 , the data is split into more than two subsets , more than two 
they have the capability to supply that knowledge to any new nodes may be created . However , in the example 
system capable of learning large networks and capable of embodiment , the data is simply split into two subsets based 
safely incorporating new knowledge supplied in the form of 50 on the sign of the derivative of the objective with respect to 
additional structures added to the network . As indicated by the activation of a single node . 
the link from box 301 to box 304 , self - organizing partially In box 404 , the computer system , or a separate learning 
ordered sets have precisely this capability , where " safe ” coach , then supervises training in a special training period , 
incorporation of new knowledge means building or training during which the rest of the network may be frozen or may 
a network incorporating the new structure with a guarantee 55 be trained normally , but each of the new nodes only receives 
of no degradation in performance . As indicated by box 306 , back - propagation information , respectively , for only one of 
the combination of the capability in boxes 304 and 305 the two subsets of data . Because the data is selected to have 
provides the means for fast , effective training of large partial derivatives with different signs , the input weights to 
networks . Examples of the capability to add knowledge to the two nodes will train in different directions . In one 
accelerate slow learning stages are illustrated in FIGS . 4-7 . 60 embodiment , during this special training period the back 

The techniques represented by box 303 can build collec- propagation is not propagated back to beyond the input arcs 
tions of networks with complementary knowledge , but these to the new nodes . The directed arcs leaving the two new 
techniques lack the ability to integrate these network except nodes can be trained during this special training period , 
by simple techniques , such as ensembles . However , as allowing back - propagation through each new node to its 
indicated by the link to box 308 , these networks with 65 input weights . However , in one embodiment , the weights for 
complementary knowledge provide pieces that , if well inte- these outgoing directed arcs are re - initialized to zero after 
grated , could be quickly assembled into a powerful larger the end of the special training period . This embodiment 
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assures that the expanded network at this point still makes being misclassified . For example , in box 502 , the computer 
the same computation as the original network . At this point , system can look for a data example whose output activation 
the expanded network with the new nodes resumes normal is converging to a value m / n , where msn / 2 . This condition 
training implies that the system is converging to a point in which the 

Returning now to box 401 , it can be seen that the process 5 data example is misclassified , and the situation has the 
of boxes 403 and 404 will create two new nodes that characteristic of a cohort whose members are not being 
compute and represent information that generally would not distinguished . For example , in box 502 , the computer sys 
be available to the original network . This is especially true tem can check that the output activation of the other output 
if the derivative of the objective function with respect to the categories are also converging to values that are multiples of 
activation of the original node was of small magnitude , 10 1 / n , for the data examples in the cohort . 
when averaged across the entire data or a representative In box 503 , the computer system finds another member of 
subset such as a mini - batch , while the magnitudes of the the cohort . For example , it may find another data example 
derivatives for at least some of the individual data examples for which the output activations are converging to the same 
are large . values as in the first data example . The first data example 

In the case of slow learning , the magnitude of the gradient 15 may be in more than one cohort of the same size , but that 
is small , so the magnitude of the partial derivative of the does not matter because in box 503 , the computer system 
objective with respect to any of the nodes is small . Thus , in only needs to find one other member of any one of those 
box 402 , the computer system may choose one or more cohorts . 
nodes with large values for some norm of the partial In box 504 , the computer system creates a node that 
derivative of the objective function with respect to the 20 distinguishes the two data examples . For example , it can set 
activation of the node expressed as a vector with a compo- its input weights and bias to make a linear discriminator at 
nent for each data example in the representative set . For the perpendicular bisector between the two data examples . 
example , the L1 will maximize the sum of the absolute value This initial setting for the weights is called “ one - shot 
of the derivative for one of the two new nodes plus the learning ” because the initial weights depend just on the two 
absolute value of the derivative of the other new node . Thus , 25 data examples and are already sufficient to distinguish those 
the training of the expanded network will get off to a fast two examples . The bias is then adjusted to the value required 
start while the new nodes quickly train to be different from for whatever non- n - linear activation function is desired for the 
each other and from the original node . node . In one embodiment , the input values for this linear 
However , in boxes 403 and 404 , the computer system can discrimination will be input values for the network or a 

apply a similar process to any node at any time in the 30 subset of those input values . However , the input values to 
training . The two nodes will train to be different from each this new two - example discriminator may be the activations 
other and from the original node in every case , except the of any set of nodes in the network , depending on rules set by 
extremely rare case in which the partial derivative of the the designer for by a learning coach 510 . 
node is zero for all the data examples or if the sign of the In box 505 , the computer system adds the discrimination 
derivative is the same for all data examples . 35 node created by box 504 to the network by adding one or 

If the sign of the derivative is the same for all data more outgoing arcs with weights initialized to zero . Note 
examples , the original node will be back - propagating large that if the new node A receives input only from the input 
magnitude derivatives , so there is probably no need to layer of the network , it will still be incomparable to any 
introduce new nodes . Nonetheless , the technique can still be other node B in the network . Therefore , at box 505 , the 
applied by having box 403 split the data around a non - zero 40 computer system may , for example , select one or more nodes 
value , such as the median or mean of the derivative values . B for which the magnitude of VADC ( A , B ) is large . Alter 

In box 405 , the computer system resumes the normal nately , it may connect the new node to any other node B 
iterative training on the expanded network . based on a criterion set by a design rule or by the learning 
FIG . 5 illustrates an aspect of the invention that deals with coach 510 . 

the situation in which the network has learned to distinguish 45 In box 506 , the computer system then resumes normal 
a set of data examples from other examples , but not from iterative training . Note that the system will immediately be 
each other . The set of data examples that is distinguished learning to correct at least the error on the data example 
from other examples will be called a cohort . If all members found in box 502 , so the performance is guaranteed to be 
of the cohort are in the same classification category , there is improving , and the learning process will have escaped the 
no problem . Otherwise , the inability to distinguish within 50 situation of slow learning . 
the cohort always causes at least one error if ties are counted FIG . 6 illustrates another type of one - shot learning . How 
as half - errors . ever , the technique in FIG . 6 only requires one data example 
A characteristic of this situation is that the network for which a classification error is made , so it can be applied 

converges toward weight parameters in which , for each in essentially any situation . In box 601 , the computer system 
example in the cohort , the output activations are concen- 55 detects a condition of slow learning or simply detects an 
trated on the categories that are present in the cohort , but the error example or any other criterion set by design rules or by 
output activations do not converge to zero or one . Instead , the learning coach 610. If it has not already been done in box 
the output activations converge toward m / N , where N is the 601 , in box 602 , the computer system selects a data example 
number of data examples in the cohort , and m is the number on which a classification error is being made . 
of examples in the cohort with category c . In box 603 , the computer system builds a template model 
Box 501 is similar to box 401 , except in box 501 , the based on the selected data example . In one embodiment , the 

computer system may either detect that the learning is slow , template model will be a parametric model such that its 
it may directly detect the characteristic output activation parameters can initially be estimated from the data example 

for a cohort described above . If in box 501 the computer selected in box 602 or 601. In some embodiments , the 
system did not directly detect a cohort that is failing to be 65 template model will also be such that its parameters can be 
distinguished , then in box 502 the computer system looks for updated as more data examples are assigned as instances of 
such a cohort and for a data example in that cohort that is the model . In some embodiments , the template model may 

60 

or 
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also be able to reject data examples that are given as and 6 , so the detection of slow learning or other criterion for 
examples that are outside the target set . triggering the process of FIG . 7 will be discussed in more 
The template model may be a complex model represented detail . 

in its entirety as a single node in the network , or it may be A condition of slow learning is significant only if it 
a network of nodes that performs the equivalent computation 5 persists for a long period , that is , for many update opera 
or an approximation to it . For example , the template model tions . However , it is of little value to detect the condition of 
may be that the data example is generated by a Gaussian slow learning by waiting to see how long it persists . There 
distribution . The initial estimate for the mean of the Gauss fore , it is important to have criteria that can more quickly 
ian distribution is simply the data example itself . The initial detect that a potentially persistent condition of slow learning 
estimate for the covariance matrix may be the identity 10 exists . 

First consider the cohort example of FIG . 5. Without matrix or any other initial matrix specified by design rules or intervention gradient descent updates will just continue by the learning coach 610. The Gaussian model may be converging toward output activations of the form m / N . This restricted to have a diagonal covariance matrix or to have a condition of slow learning will persist indefinitely and be of covariance matrix or inverse covariance matrix with a 15 very little value . A similar condition might exist from other limited number of non - zero diagonals in addition to the main causes without the telltale activation pattern of the confus diagonal . able cohort . How can such a condition of slow , unproductive Updates to the model may be made , for example , by learning be detected when produced by unknown causes ? 
maximum likelihood estimation of the Gaussian distribu An obvious indicator that the learning is slow is that the 
tion . The Gaussian model may be integrated into the net- 20 magnitude of the gradient is small , though that begs the 
work by supplying the value of the negative exponent in the question of how small is " small ” and what magnitude is 
Gaussian probability density function and a trainable bias “ normal ” ? In one embodiment , a learning coach 710 is 
term to a node with an exponential activation function , so trained to determine the threshold between small and nor 
that the output of the node is in the range 0 to 1 with the mal , but a fixed threshold may be used in some other 
value 1 for the given data example . For example , the 25 embodiments . 
activation function may be of the form An indicator that the learning is not merely slow but that 

the condition will persist is that the magnitude of the 
gradient is not only small but that the magnitude is consis 

ac ( x ) = exp ( * ) tently decreasing 
When comparing the magnitude of the gradient from one 

update to another , it may be necessary to take account of the 
where T is a temperature parameter , which may be either a distinction between the true gradient and the mini - batch 
trainable parameter or a hyperparameter controlled by learn- estimate of the gradient . Stochastic gradient descent based 
ing coach 610 . on mini - batches can be used instead of full - batch training 

The probability distribution for the template model could 35 primarily because mini - batch training allows many updates 
be chosen from any other exponential family . per epoch . If the learning is very slow , it may be more 
As another example , the model may be based on any important to diagnose and escape from a condition of slow 

distance metric with the distance value as the input to a node learning than to have more unproductive updates per epoch . 
with a negative exponential activation function . It is certainly unproductive to have more updates if they are 

Other embodiments may implement similar computations 40 merely converging to a local minimum . 
with a network of nodes . For example , a network may have In one embodiment , the process illustrated in FIG . 7 
a first layer with one node for each input variable . Each first increases the mini - batch size in any condition of slow 
layer node k would have an input from its designated input learning that meets a criterion set by the learning coach 710 . 
variable Xk and a bias bze . The node activation function would With full - batch training , the gradient estimate is exact , 
be some measure of absolute difference , for example ( Xx- 45 rather than a stochastic estimate . Therefore , if the step size 
bre ) ? or \ Xx - bxl . The outputs of this first layer would then be is sufficiently small , the performance is guaranteed to 
connected to a node that would compute a weighted sum of improve for each update ( with some exceptions due to the 
the outputs of the first layer and have a negative exponential limited precision of floating point numbers ) , rather than 
activation function with a bias and optionally with a tem- randomly fluctuate depending on the specific data examples 
perature parameter or hyperparameter . The weights and 50 in each mini - batch . 
biases of this network would be trained by the normal When converging to a local or global minimum , the 
gradient descent training . magnitude of the gradient also typically decreases consis 

In any of these examples , there is a node with an activa- tently as the system approaches the minimum . In contrast , 
tion function with values in the range 0 to 1 and with initial on a plateau with a small magnitude gradient and slow 
parameters such that the activation of the node is 1 for the 55 learning , the magnitude of the gradient remains small but 
selected data example . In box 604 , the computer system does not consistently decrease . The magnitude of the gra 
adds this node to the network with outgoing arcs with initial dient often begins to increase as the system approaches the 
weights of zero . As with box 505 of FIG . 5 , the outgoing arcs edge of the plateau . At the edge of the plateau , there is 
could be connected to nodes based on the magnitude of typically an interval of very rapid learning . 
VADC ( A , B ) . In box 605 , the computer system resumes the 60 When the system is on such a learning plateau , it is 
iterative training . desirable to find the edge of the plateau more quickly but to 
FIG . 7 illustrates a more general implementation of the avoid any procedure that will cause the learning to miss the 

principle of adding new knowledge to a network that is in a plateau edge . For example , merely increasing the learning 
condition of slow learning and is an example of the tech- rate parameter to a high value raises the danger of jumping 
niques represented by box 303 in FIG . 3. The procedure 65 right past the region of better performance . 
illustrated by FIG . 7 , however , is more complex and requires In balancing these objectives , there are several means of 
more resources than the procedures illustrated by FIGS . 4,5 , escape from a condition of slow learning : 
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1. Unfreezing and activating a frozen connection weight FIG . 8 illustrates another of the techniques represented by 
( box 208 ) ; box 303 in FIG . 3. In box 801 , the computer system obtains 

2. Adding a directed arc from A to B where A < B in the two or more networks to be merged . These may be networks 
current partial order ( box 208 ) ; that have already each been trained to do the full classifi 

3. Adding a directed arc from A to B where A is incom- 5 cation task . In particular , they may be members of an 
parable to B ( box 209 ) ; ensemble of classification networks . Especially in the case 

4. Driving connection weights to zero and dropping arcs of merging an ensemble , more than two networks will be 
to make it possible to add an arc from node A to node merged at once . Thus , the process illustrated in FIG . 8 has 
B in spite of the fact that B < A in the current partial a different context than the process illustrated by FIG . 7 and 
order ; 10 uses different criteria in creating cross - connections among 

5. Splitting a node and adding two new nodes based on a the merged networks . 
The evaluation of potential directed arcs cross - connecting data split ( box 210 , FIG . 4 ) ; nodes in one network with nodes in another network is 6. Adding a cohort discrimination node ( box 210 , FIG . 5 ) ; symmetrical . The directional derivative can be evaluated in 7. Adding a template node ( box 210 , FIG . 6 ) ; or 15 either direction . Initially , the networks being merged work 8. Adding a network for a subtask ( box 210 , FIG . 7 ) . independently , with no cross - connections . The transitive 

In determining which corrective action to take , various closure graph is just the union of the separate transitive 
embodiments of the learning coach 710 apply other infor- closure graphs . 
mation in addition to the current magnitude of the gradient Any cross - connection may add many arcs to the transitive 
and its rate of increase or decrease . For example , the 20 closure . That is , adding a single cross - connection may add 
learning coach may have a performance target . For example , many node pairs to the partial order and thus restrict those 
it may know the learning rate that has been achieved on node pairs from having a connection in the opposite direc 
similar tasks . For a benchmark task , it may know the current tion . Therefore , the initial cross - connections should be cho 
record on the task and be trying to beat that record by any sen carefully 
means possible . In contrast , it may know the performance on 25 In box 802 , the computer system creates a partially 
a task achieved by a network that is desirably expensive and ordered set consisting of the union of the sets of nodes in the 
be trying to approach that performance with a smaller two or more networks selected in box 801. Initially , there are 
network . no covers from one of the networks to another , but every 

In addition , most of these potential actions have a means pairing of a node in one of the networks is considered as a 
of estimating the benefit from the given action . For example , 30 potential cover or cross - connection . Implicitly , all the con 
the derivative of the objective with respect to the connection nection weights are initialized to zero and are inactive . 
weight for a potential arc from A to B may be computed for In box 803 , the computer system evaluates potential new 
actions ( 1 ) through ( 4 ) . covers by a process similar to that described in association 

The benefit of the node splitting can be estimated from the with boxes 208-210 of FIG . 2. In box 803 , the computer 
magnitude of the norm of the vector of partial derivatives . 35 system may be at first conservative in adding new connec 
This norm can be computed for each node in the network to tions to allow the self - organizing process the freedom and 
find the nodes with the largest norms . flexibility to discover the best configuration . For example , if 

For actions ( 6 ) and ( 7 ) , a specific error is being corrected . sparseness of connections is being enforced by a quota , the 
In boxes 702-704 , a subtask will be selected by the computer system , at box 803 , does not immediately fill that 

computer system , a network will be trained to do that task , 40 quota . Alternately , in box 803 , the computer system initially 
and that network will be merged with the current network . imposes a higher numerical threshold on the gradient cross 
These actions can be viewed and evaluated as an extension product for accepting a candidate new cover from one 
and generalization of the actions of ( 6 ) and ( 7 ) . subnetwork to another . Gradually , in box 803 , the computer 

Thus , in an embodiment , in box 702 , the computer system system creates more covers among the merged networks and 
selects a discrimination task that will either correct one or 45 activates their connection weights . 
more errors or that will provide information that seems In box 804 , the computer system uses a relatively fast 
likely to make it possible to correct errors . For example , if weight decay for the initial learning period for the merged 
errors are being made on data examples that are correctly network , again with the objective of avoiding implicitly 
classified by some other machine learning system , in box making firm configuration decisions prematurely . In box 
702 , the computer system may select the task of trying to 50 805 , the computer system resumes normal iterative training , 
match the performance of the other machine learning system with box 803 initially continuing to be more conservative 
on those data examples . but gradually adjusting to normal training conditions . 

In box 703 , the computer system trains a SoPoNet on the In addition to the conservative approach of boxes 803 and 
selected subtask . In boxes 704 and 705 , the computer system 804 , learning coach 810 may actively manage the explora 
merges the new network and the original network , selects 55 tion process , as indicated by box 812. For example , learning 
the initial connection arcs , and initializes their connection coach 810 may implement an exploration based on rein 
weights to zero . The initial connection arcs are selected forcement learning 811. Learning coach 810 may use its 
based on the value of VADC ( A , N ) . Initially , all cross- prior experience to evaluate the likely future performance 
connections will go from a node in the new network to a from choices to create certain covers or cross - connections 
node in the original network because the new network is not 60 among the networks being merged . It may have a policy 
yet connected to the output with non - zero weights , so it does function for the creation , and possibly the deletion , of covers 
not yet have useful back - propagation information . Once the and apply Q learning to the exploration process . 
new network has non - zero weights connecting it directly and In general , it is not fair to compare the length of the 
indirectly to the output nodes , directed arcs may also be longest chain in a self - organized partially ordered network 
added from the original network to nodes in the new 65 with the number of layers in a layered neural network , but 
network . In box 706 , the computer system resumes the there is a special case of the technique illustrated in FIG . 8 
iterative training of the expanded network . for which such a comparison seems fair . 
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In this special case , the networks to be merged are N < as it is currently defined . In box 901 , the computer system 
copies of the same network . As a special instance of this detects a pair of nodes a and b such that a < b but for which 
case , the network to be copied and merged is a conventional VADC ( b , a ) for the reverse direction has a large magnitude . 
layered neural network with K hidden layers . Before merger , The search for such a pair may be guided by learning coach 
let the N copies be trained as an ensemble . Let the output 5 910 to make it more efficient . The large magnitude reverse 
nodes of the component networks still be connected to the derivative indicates that it might be possible to reduce the 
output target values . Build a new network by stacking the N error cost objective by creating a new cover with a covering 
copies one at a time on top of the previous stack . Let the b . However , such a cover is not possible without first 
input nodes of the former component networks still be changing the relation < by removing some existing covers , 
connected to the input data , regardless of how high they are 10 since currently a < b . 
on the stack . As cross - connections , let the layer next to the In box 902 , the computer system finds all chains from a 
output layer of each neural network be connected to the layer to b . All these chains must be broken . If any of these chains 
just above the input layer of the next neural network , remains , then the relation a < b will still hold . In box 903 , the 
initialized with zero - valued weights . In addition , connect the computer system searches the chains to find whether there is 
output layer of each component neural network to a com- 15 a link that is present in all of the chains . If there is such a 
bining network that combines the output activations with a link , it will be a cover pair and deleting that one cover will 
computation such as an ensemble voting rule . Since no make a and b incomparable and thereby make it possible to 
connections have yet been added between non - adjacent create a new connection with a covering b . Under guidance 
hidden layers , it seems fair to count this network as having from learning coach 910 , in box 903 , the computer system 
N * K hidden layers . 20 decides to try in box 905 to reduce the weight to zero for one 

The initial performance of the combined network will or more connections or in box 907 , to unroll the network 
match the performance of the ensemble . Gradient descent using the procedure described in association with FIG . 17 . 
training and the ability of the self - organizing process to add Box 903 has two branches . The process may continue from 
additional connections between the component networks box 903 by following either or both branches . In one 
and between the layers of each component network will 25 embodiment , if no weak link is found , then the branch to box 
enable the learning process to continue to improve the 907 is followed . 
performance of the combined network . This process allows In box 904 , the computer system tries to drive the 
a network to be successfully trained with an arbitrarily large connection weight for the weak link to zero . It uses L1 and 
number of layers with no degradation in performance on L2 regularization with a larger than normal cost coefficient . 
training data and perhaps with a significant improvement in 30 When the weight gets to zero , the computer system changes 
performance . In fact , it is initialized to match the perfor- the relation < to break the link . Since all the chains from a 
mance of the best ensemble . Furthermore , the process can be to b go through the link , a and b become incomparable . 
applied again to an ensemble of these stacked networks . In box 905 , the computer system then changes relation < 

This example of stacking the members of an ensemble is adding a as a cover of b . The connection weight for the 
only one special case of the process illustrated in FIG . 8. It 35 connection from b to a is initially zero , but is unfrozen . As 
is also a special case of the process illustrated in FIG . 14 . detected in box 901 , this connection weight has a gradient 
Although only a special case , it is worth highlighting with a large magnitude , so the connection weight itself will 
because of the capabilities that it illustrates in addition to the quickly train to have a significant magnitude as training is 
ability to easily build and train a very deep SoPoNet resumed in box 906 . 
network . Because the network architecture is an arbitrary 40 In a condition of slow learning , the procedure from 901 
strict partial order , the output nodes of each member of the through 906 may be used in addition to the procedures 
ensemble may be directly connected to the output of the illustrated in FIGS . 4-8 to accelerate the learning . 
merged network , even though they are stacked and , except Whether or not there is a weak link found in box 903 , the 
for the ensemble member at the top of the stack , the output branch from 903 to 907 may be followed . In box 907 , the 
nodes of the other former ensemble members are interior 45 computer system may use a very different method , called 
nodes in the merged network . In a SoPoNet , however , any “ unrolling , ” which is described in more detail in FIG . 17 . 
node may be connected to any higher layer , including being Basically , unrolling consists of making many copies of a 
directly connected to the output target cost function . The first network and associating a counter value t with each copy . 
layer above the input in each ensemble member also Then any potential connection in the network from node b 
receives a direct connection from the input , although in the 50 to node a that is blocked because a = b or a < b is instead 
stack these layers are interior layers . In general , any node in created as a connection from b [ t ] , the copy of b in the 
any SoPoNet may be directly connected to the output , the network with a counter value t , to a [ t + 1 ] , the copy of a in 
input , or both the input and the output . network t + 1 . On the network consisting of all the copies of 
FIGS . 5-8 are all instances of incorporating a network of the original network , the partial order is defined such that 

one or more nodes into the original network to provide the 55 x [ t ] < [ t + 1 ] for all nodes x and y . Thus , a connection can be 
original network with knowledge that the added network made from any node in a lower numbered network to any 
acquired in a separate learning process , perhaps on different node in a higher numbered network . 
training data . These changes in the architecture of the In box 908 , the computer system makes the connection 
original network allow it to learn and integrate this new from b [ t ] to a [ t + 1 ] for all values oft . In box 909 , the 
knowledge much more quickly than the original network 60 computer system resumes iterative training on the unrolled 
could learn it by gradient descent with its original architec- network . 
ture . In the case in which the original network has already FIG . 10 illustrates another procedure for exploiting the 
been trained to the global minimum of its error cost function , large magnitude gradient from the potential cover of b by a 
this new knowledge is knowledge that the original architec- when that cover is blocked because a < b . The procedure in 
ture would not be able to learn at all . 65 FIG . 10 uses one or both of two methods for building a 
FIG . 9 illustrates a process by which a new cover may be substitute for b to be covered by a . In box 1001 , the 

created that goes against the direction of the binary relation computer system detects a pair a < b with a large magnitude 
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for the partial derivative of the potential connection weight If the regression coefficient for x ; is negative , that is evi 
if a were able to cover b . The search for such a pair and the dence that using i tends to cause overfitting . If it is clearly 
selection may be guided by the learning coach 1010 to make negative , allowing for the confidence interval , then i should 
the search and selection more efficient . Learning coach 1010 be rejected and not be used as a training example ( 1105 ) . If 
also guides the choice of whether to continue the process 5 the regression coefficient is too close to zero , or if the 
with box 1002 or with box 1006. Either may be used . confidence interval is too broad , then in box 1104 , the 

In box 1002 , the computer system builds and trains a computer system concludes “ not sure ” and control returns to 
network to imitate b . The process of building a network to box 1102 to collect more performance data . In one example 
imitate another network , in this case , the subnetwork cul- embodiment , each data example has a weight , e.g. , between 
minating in the node b , was discussed above in association 10 zero and one . In this embodiment , in box 1105 , the computer 
with box 210 of FIG . 2. The process of training one network system merely reduces the weight of example i . When a data 
to imitate another is a special , well - behaved case of network example is weighted , the update computed for each mini 
training . It allows an unlimited amount of training data and , batch ( for example , box 207 of FIG . 2 ) multiples the 
by definition , overfitting is not an issue . gradient estimate for each data example by its weight , sums 

The network to imitate node b is built from scratch or can 15 the weighted estimates , and divides by the sum of the data 
use any nodes in the network that under the partial order < weights for the mini - batch . In one embodiment , the proce 
are less than a or incomparable to a . That is , the network is dure may iteratively update each data weight by looping 
built to satisfy the condition required in box 1003. Then , in back to box 1102. In another embodiment , the iterative 
box 1005 , the computer system modifies the relation < to updating of data weights may be done over the course of 
include the cover of the imitator of b by a . 20 multiple training set and validation set pairs in box 1101 . 

The condition for VADC ( a , b ) to be large in magnitude If there is a limited amount of validation data , it may be 
relative to magnitude of the activation vector act ( b , m ) is difficult to decide whether or not to include a data example 
that the activation vector act ( b , m ) has a large positive or in the test in box 1104 of FIG . 11. In many situations , there 
negative correlation with the vector día , m ) . is a limited amount of labeled data , and it may be necessary 

In box 1006 , the computer system builds a network N 25 to use most of that data as training data , so the amount of 
whose output node is trained to have a high correlation with validation data may be very limited . However , in many of 
the derivative vector da , m ) of node a . Note that it is the these situations , there may be a much larger amount of 
activation of the network output node that imitates the unlabeled data . FIG . 12 describes one possible method for 
derivative vector of a , not its derivative . Also note that this using unlabeled data for validation testing . 
activation is imitating the derivative vector día , m ) of a , 30 FIG . 12 is a flow chart of a procedure for using unlabeled 
which is nothing like imitating a itself . In box 1007 , the data for validation or development testing and for correcting 
computer system places the network imitating the derivative overfitting . It is based on a technique disclosed in U.S. Pat . 
of a below a in the partial order < . In box 1008 , the computer No. 8,014,591 , titled ROBUST PATTERN RECOGNITION 
system covers the output node of N with a . In box 1009 , the SYSTEM AND METHOD USING SOCRATIC AGENTS , 
computer system then resumes the iterative training . 35 which is incorporated herein by reference in its entirety . The 

Note that the process of box 1006-1008 can be done even learning coach 1210 acts as a Socratic agent , as described in 
without having identified a node b . However , there is no that patent . Normally , evaluating performance on validation 
easy way of knowing how difficult it may be to build a data requires labeled data so that the performance can be 
network whose output correlates well with an arbitrary quantified . The technique of U.S. Pat . No. 8,014,591 , and of 
derivative vector . The node b in box 1001 provides an 40 FIG . 12 , does not require a quantitative measure of perfor 
existence proof that a network no more complex than the mance but only a statistically significant difference in per 
subnetwork below b can produce an output that correlates formance . Remarkably , this statistically significant differ 
with the derivative of a at least as well as b does . Using the ence in performance can be accumulated using unlabeled 
procedure of box 1006-1008 without a specific b can always validation or development data . 
be done as a last resort if no more promising alternative is 45 Some of the labeled data needs to be set aside to train a 
available . separate recognizer 1201. The recognizer trained in box 
FIG . 11 is a flowchart of a procedure for correcting 1201 does not need to be extremely accurate . It will provide 

overfitting . In box 1101 , the computer system obtains many more efficient testing if it is more accurate , but it will 
training sets and many validation sets , which can be selected provide statistically valid test results even if it is less 
under the guidance of learning coach 1110. For the purpose 50 accurate than the system being tested . 
of box 1101 , the training sets may be relatively small subsets In box 1202 , the computer system obtains unlabeled data 
of the available training data . The training sets may overlap from box 1220 and labels it using the recognizer trained in 
with each other , so there are exponentially many potential box 1201. There will be errors in these labels , and it will not 
training sets to choose from . be known which labels are in error . However , if the recog 

In box 1102 , the computer system runs training and 55 nizer from box 1201 performs better than chance , there will 
performance evaluation on many pairs T and V , where T is be a positive correlation between the labels and the correct 
a training set and V is a disjoint validation set . In box 1103 , 
the computer system runs a multiple variable regression with In box 1203 , the computer system tests the null hypothesis 
an independent variable x ; indicating the presence or that there is no difference in performance between training 
absence of the training data example i in the training set , 60 with a data set that includes a particular data example i and 
with the performance measured for all pairs T and V. training with a data set that does not include that data 

In box 1104 , the computer system assesses whether the example . In box 1204 , the computer system asks whether 
presence of example i in the training set makes the perfor- there is sufficient evidence to reject the null hypothesis at a 
mance on validation data better or worse . If the regression specified level of statistical significance . If there is not 
coefficient for x ; is positive , with margin taking account of 65 sufficient evidence to reject the null hypothesis , control 
the size of the confidence interval , then i may be used as a returns to box 1202 to collect more data . Because of the 
training example with an acceptably low risk of overfitting . errors in the labeling of the validation data , it will take more 

answer . 
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testing to reach a level of statistical significance . However , formerly independent ensemble members . This is not a 
the probability of false rejection of the null hypothesis is standard practice for layered neural networks and requires 
determined by the significance level for the null hypothesis some additional explanation . The former output nodes are no 
set by the experimenter and does not depend on the error rate longer maximal nodes in the partial order < relation for the 
of the recognizer trained in box 1201 . 5 combined network . That means that they receive back 

If the null hypothesis is rejected in favor of the conclusion propagation of the partial derivatives of the combined net 
that example i makes the performance worse , in box 1205 , work objective function from higher order nodes . The for 
the computer system drops example i from the training data . mer output nodes also continue to receive the target 
In one example embodiment , each data example has a information that they received as output nodes as an inde 
weight , e.g. , between zero and one . In this embodiment , box 10 pendent ensemble member and can use that information to 
1205 merely reduces the weight of example i . When a data compute a term to be added to their cost function . 
example is weighted , the update computed for each mini- In general , any node in a self - organizing partially ordered 
batch ( for example , in box 207 of FIG . 2 ) multiples the network can receive either output targets or input data . The 
gradient estimate for each data example by its weight , sums output and input data are not restricted to the maximal and 
the weighted estimates , and divides by the sum of the data 15 minimal nodes , respectively . Any non - maximal node that 
weights for the mini - batch . This more conservative embodi- receives target information also has a hyperparameter as a 
ment requires less conservative confidence intervals for multiplication weight factor respectively weighting the cost 
rejecting the null hypothesis . If the null hypothesis is function term computed from the target and the cost function 
rejected in favor of the conclusion that example i improves term back - propagated from nodes higher in the partial order . 
the performance , then example i is retained and control 20 In box 1304 , the computer system adds additional output 
proceeds to box 1206 to resume iterative training . If there is nodes to the component subnetworks that were formerly 
not enough evidence to reject the null hypothesis , control member networks of the ensemble . The purpose of these 
returns to box 1202 to gather more data . additional nodes is to provide a means for the combining 

The process of FIG . 11 and the process of FIG . 12 are both network to back - propagate objectives for the component 
directed towards the goal of reducing overfitting of the 25 subnetworks to compute additional information and for the 
training data . However , they are very different in certain additional nodes to encode that information . For example , to 
respects . The process of FIG . 11 requires many validation combine the outputs of the component networks when they 
sets and many training sets . Therefore , it may require a disagree , it is helpful for the combining network to have 
relatively large amount of labeled data . In contrast , the additional information to make a confidence estimate for 
process of FIG . 12 can utilize unlabeled data for develop- 30 each of the disagreeing votes . The component networks can 
ment testing and needs a relatively small amount of labeled help provide this information . The combining network trains 
data . the component networks to compute useful information by 
FIG . 13 is a flow chart of a process for merging ensemble back - propagation through the additional nodes added to the 

members into a single , larger network . Let A and B be sets component networks for that purpose . The nodes receiving 
with a strict partial order . Then , a new strict partial order 35 this back - propagation for additional information may be 
may be defined on the union C of the sets by making a and internal nodes ; they do not need to be maximal nodes within 
b be incomparable for all pairs a in A and b in B. As a the component subnetwork . 
self - organizing partially ordered network , C is called the In box 1305 , the computer system back - propagates the 
simple merger of A and B. As a self - organizing partially joint performance objective function . Note that , when 
ordered network , C may then be trained to add covers 40 trained separately , the ensemble members are not trained to 
connecting the elements in A with elements in B and vice jointly optimize such a function . They each individually 
versa . The new connections are referred to as cross - connec- optimize their own objective . Because the combined net 
tions . work can be initialized to emulate the computation previ 

The process illustrated in FIG . 13 is similar to the process ously done by the ensemble members and any voting rule or 
illustrated in FIG . 8 , except that FIG . 13 specifically 45 joint decision mechanism , gradient descent training on a 
assumes that the networks to be merged are already an joint objective will improve the combined performance . 
ensemble , and FIG . 13 adds boxes 1304 , 1305 , and 1306 to In box 1306 , the computer system back - propagates objec 
enhance the joint performance of the merged ensemble . tives for the component networks to compute and supply 
Optionally , these additions may also be added to the process information for the confidence estimate , as described in 
used in FIG . 8 . 50 association with box 1304. The self - organizing partially 

In box 1301 , the computer system forms the simple ordered combined network can also learn to reconfigure 
merger of the networks that are members of an ensemble . In itself , and in box 1306 , the computer system can back 
one embodiment , learning coach 1310 guides the merger propagate anything else that turns out to be useful for the 
process , for example , guiding the self - organizing process as objective . Under guidance of the learning coach 1310 , the 
described in association with other figures . 55 additional output nodes added by the computer system in 

In box 1302 , the computer system adds a combining box 1304 can also be trained to compute other useful 
network . The combining network is initialized to at least information . 
match the performance of an ensemble member voting rule . In box 1307 , the computer system resumes the iterative 
In one embodiment , the combining network has additional , training . 
uncommitted nodes and can learn more complex functions 60 FIG . 14 illustrates the wide variety of specialized nodes 
and can train the ensemble members to work together to and subnetworks that can be added to a self - organizing 
jointly optimize their objective . In the strict partial order of network . In box 1401 , the computer system creates one or 
the combined network , some nodes in the combining net- more of these node types . In one embodiment , in box 1406 , 
work can be initialized to be , or can learn to be , < some the computer system places each of the specialized nodes , 
nodes in the member networks . 65 node sets , or subnetworks at one or more locations in the 

In box 1303 , the computer system supplies targets directly network . In one embodiment , the placement of the special 
to the former output nodes of the subnetworks that were ized nodes , node sets , or subnetworks at one or more 



10 

US 11,093,830 B2 
35 36 

locations in the network in box 1406 can occur under knowledge that can be used by all the nodes higher in the 
guidance of a learning coach 1410. In box 1407 , the com- partial order . Knowledge nodes near the maximal nodes 
puter system resumes the iterative training . allow all the nodes lower in the partial order to receive 

Each of the other boxes in FIG . 14 introduces an example back - propagation to learn to support the knowledge nodes 
of one variety of specialized node , node set , or subnet , each 5 and also to learn new knowledge that will complement the 
of which will be discussed separately . For example , in box knowledge nodes to optimize the total classification . In box 1405 , the computer system may create a discrimination 1406 , the computer system can , for example , place knowl 
node , as described in association with FIG . 5. In box 1403 , edge node sets in these aforementioned locations . the computer system may create a template node or network , Feature Node Sets : 
as described in association with FIG . 6 . Sparse node sets ( 1402 ) , sets of template nodes ( 1403 ) , However , the process of FIG . 14 has a different , more local autoencoders ( 1404 ) , and some examples of more general context of application than FIG . 5 or FIG . 6. Any of complex node types ( 1421 and 1422 ) may represent a set of the types of nodes or node sets illustrated in FIG . 14 may be 
added to a base network at any time to give the network features . A set of discriminators ( 1405 ) may also be a feature 
properties and capabilities that the base network might not 15 set if trained as the output nodes of a network with a softmax 
have without the special node , node set , or subnet . or sparsity constraint , but that is also a special case of box 

1402 . For example , one or more of these specialized nodes , 
node sets , and subnetworks can be added to the network Under a general interpretation of the word “ feature , " any 
architecture even before the weight parameter training starts . set of nodes may be considered to be a feature node set . 
In such an embodiment , the process of FIG . 14 even applies 20 However , in this discussion , the meaning of “ feature node 
to a fixed network that is not self - organizing . set ” is limited to sets of nodes that add a capability to the 
As another example , one or more of these specialized base network that is different from the capability of merely 

nodes and node sets can be safely added to any self- adding the same number of generic nodes . In this discussion , 
organizing network at any time , not just during an interval a set of nodes is considered a “ feature node set ” only if the 
of slow learning . As will be seen in the individual discus- 25 activation patterns of the set of nodes is restricted in some 
sions of the node types , they each have unique properties way to be substantially different from the space of all 
that may enhance the overall performance of the network , in possible activations . Thus , for example , a set of nodes 
addition to the fact that they may accelerate the learning in subject to a sparsity condition will have activations in which 
a situation of slow learning . only a small fraction of the nodes have significant activation 

Each of the special properties may be possessed by more 30 values for any one data example . 
than one of the special node types , so the discussion is An autoencoder is a special type of network , which is well 
organized in terms of the special properties , with reference known to those skilled in the art of deep learning , in which 
to the node types that implement them . the input values activate a network , including an encoding 

Knowledge node sets and subnetworks : In this discussion , network , a bottleneck layer , and a decoding network . The 
“ knowledge ” refers to information about the mapping from 35 bottleneck layer has a restriction , such as having fewer 
input vectors to output categories that has been acquired by nodes than the input or a sparsity constraint . The autoen 
training separate from the iterative training of the base coder is trained to have the output of the decoder reproduce 
network . The one - shot learning of discriminator node in the input to the encoder as well as possible , subject to the 
FIG . 5 is an example of such externally acquired knowledge , constraint of the activation computation going through the 
as is the one - shot template learning of FIG . 6 . 40 bottleneck . An autoencoder may be trained unsupervised on 
However , the discriminator node set of box 1405 and its any set of data . Thus , a local autoencoder may be trained to 

training are more general than the one - shot learning of FIG . auto - encode any set of nodes in a network , though prefer 
5. In box 1405 , the discriminator may be any set of output ably the nodes will be the subset of a layer in a layered 
nodes in a separately trained network . In some embodi- neural network or a set of incomparable nodes in a general 
ments , the entire network may be added to the base network , 45 strict partially ordered network . Both the bottleneck layer of 
which would be an instance of the process of FIG . 8 , rather any local autoencoder and the output layer will be restricted 
than FIG . 5. In other embodiments , a set of nodes corre- in the sense defined above and , therefore , be examples of 
sponding to the output nodes is added to the base network . feature node sets . 
These added nodes are then soft - tied to the output nodes of A feature node set may also be trained as the outputs of 
the separate network , as will be described in association with 50 a separate network with supervised training and thus also be 
FIG . 15 . a knowledge node set . Feature node sets have several useful 

Similarly , a node , node set , or subnet created in any of the properties . They provide a more compact , more efficient , 
other boxes may represent a knowledge node set if it is more easily interpreted representation of knowledge than 
trained separately . Any addition to a base network can give arbitrary node sets . This property may be further enhanced 
it extra representation power . The addition of a knowledge 55 by training individual nodes in the feature set to match 
node set has the additional advantage that it may substan- specified labels or by assigning feature labels to individual 
tially reduce the time and cost of training . In some embodi- nodes once they are trained . Labeled feature nodes may be 
ments , the cost may be negligible because the separate soft - tied within and across networks . 
training has already been done for some other purpose . In In a layered network with many layers or in an arbitrary 
other embodiments , the separate training is done as a smaller 60 network or partial order in which some nodes are connected 
network and optionally on a smaller training set , thus to the input or output only through long chains , feature node 
requiring less time and computation than training the same sets provide a training focus at intermediate points in the 
knowledge in a subnetwork within the base network . network that is somewhat comparable to the training focus 

Knowledge node sets are especially useful when placed provided by the input and output nodes . This property , in 
near the input nodes or output nodes in a network or , 65 turn , makes it easier to train networks with more layers or 
equivalently , near the minimal or maximal nodes in a partial longer chains . Such networks have greater representation 
order . Knowledge nodes near the minimal nodes provide power than shorter , wider networks , even with fewer total 
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nodes . Furthermore , because such networks have fewer network . Furthermore , combinations of linear nodes with the 
degrees of freedom , they may be less likely to over - fit . quadratic nodes and their quadratic powers can be used to 

In one embodiment , in box 1406 , the computer system represent any polynomial . 
places feature node sets at locations scattered throughout the As a side note , there are two reasons that a product node 
network . 5 is not needed to retain memory for a longer term in a 

Special Computation Nodes : SoPoNet . One reason is the option to hold the memory 
Template nodes are an example of nodes that do a more explicitly . The other reason is that , in a SoPoNet , when 

complex computation . Other than a few special cases , most unrolling a recurrent neural network , the unrolled copies of 
nodes in a neural network compute the sum of the product the network are associated with a partial order rather than a 
of the weight of each are coming into the node times the 10 linear order , as illustrated in FIG . 17. In the unrolled partial 
activation of the source node for that arc plus a bias term . A order , long - term memory can be directly represented with 
non - linear function is applied to this sum to get the activa- arcs in the partial order . 
tion or output value of the node . Typically , the non - linear Special computation nodes may be added to a network at 
function is one of a few well - known types , each of which is any time in any location . Special computational nodes add 
monotonic and is bounded or grows most linearly at extreme 15 extra knowledge in the sense of knowledge node sets , even 
values of the input . if they are not trained separately . The non - monotonic special 

For the purpose of this discussion , any general - purpose computation nodes provide a component from which the 
node that does a computation other than the type described network can learn to construct a template node . Such tem 
above is considered a special computation node . Two plate nodes can form a feature node set . As mentioned , the 
examples of nodes with this property are ( 1 ) the max node 20 quadratic and linear nodes are sufficient to construct any 
that is used in pooling the outputs of the convolutional filter polynomial function . 
layers in a convolutional neural network , and ( 2 ) the product The XOR and “ is equal to ” functions represent primitive 
node used to create long short - term memory ( LSTM ) cells functions that cannot be represented by any one - layer net 
or gated recurrent units ( GRU ) , both used to achieve a form work . Provided as special computation nodes , they provide 
of memory in recurrent neural networks . That is , they are not 25 a pretrained network that computes a function that would 
normally used as general - purpose nodes that can be con- otherwise require relatively time - consuming training of at 
nected anywhere in the network . When used as general- least a two - layer network . 
purpose nodes , they are special computation nodes for the Thus , special computation nodes can be used like knowl 
purpose of this discussion . edge node sets and , in some embodiments , be placed near 

Other examples of special computation nodes include : 30 the minimal and maximal nodes . They also can be used to 
A node with the activation function act ( x ) = x ?, or any build feature node sets and be used throughout the network . 

other higher power of x ; They also create different parameters than conventional 
A node with the activation function act ( x ) = \ xl ; nodes and thus expand the parameter space , creating more 
A node that computes the inner product of two vectors , ways to escape from a stationary point in a conventional 

represented by disjoint subsets of its inputs ; 35 network . 
A node that computes the cosine of the angle between two In box 1420 , the computer system introduces even more 

vectors ; complex node types , with two examples : nodes with 
A node with non - negative input and the activation func- memory ( box 1421 ) and nodes associated with an arbitrary 

tion act ( x ) = In ( x ) ; sequence of computer instructions , that is , a program ( box 
A node with the activation function act ( x ) = exp ( x ) ; 40 1422 ) . Template nodes are an example of nodes with 
A node that computes the norm of a vector ; memory . In the embodiment previously described , the 
A node with two inputs that computes XOR for binary memory was in the values of the biases . However , more 

inputs or a continuous equivalent such as act ( x , y ) = 1- general special computation nodes may have several 
| x - yl ; and memory elements , and the memory may be separate from 

A node with two inputs that computes “ is equal to ” or 45 and in addition to the bias . As mentioned , explicit memory 
some continuous equivalent such as act ( x , y ) = \ x - yl . can represent the implicit memory of LSTM or GRU 

Perhaps surprisingly , special computation nodes also memory cells . The examples associated with box 1422 are 
include : even more general . Any computable function may be rep 
A node with the activation function act ( x ) = ax , where a is resented , with the restriction that the function is at least 

a constant . 50 piecewise differentiable and that the program computes the 
The last example is included because , normally , the activa- derivative of the function as well as the function value . 
tion function is required to be non - linear . However , the Both of these more complex node and subnetwork vari 
prohibition against linear activation functions seems to be ates are , of course , instances of special computation nodes 
based on the fact that having two successive layers with and can be used in all the ways that the less complex special 
nothing but linear activation functions is just equivalent to 55 computation nodes can be used . 
having a single layer with incoming weights equal to the In box 1406 , the computer system places the special 
matrix product of the two layers of weights . However , nodes , node sets , and subnetworks at various locations in the 
allowing a fraction the nodes to have linear activation base network , with the preferences mentioned above . It may 
functions is useful and should not be prohibited . also place additional copies these elements at other locations 
A self - organizing partially ordered network does not 60 in the network . In one embodiment , all of these placed 

generally have layers that are only connected to the adjacent special nodes , node sets , and / or subnetworks have their 
layer , except perhaps initially if initialized by a conventional outgoing arc weights initialized to zero . In box 1407 , the 
layered neural network . In any case , during the self - orga- computer system resumes the iterative training . 
nizing process , there are no fixed layers as arcs are added The special nodes , node sets , and subnetworks of FIG . 14 
and deleted . The SoPoNets described here with FIG . 14 or 65 may be added at during any period of slow learning . For 
any of the other figures may have linear nodes or any of the example , even outside the special conditions of FIGS . 5 and 
other special computation nodes in any position in the 6 , many of these special nodes are likely to cause a saddle 
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point in the objective function to no longer be a stationary described in FIG . 13. In one embodiment , in a comparison 
point . In addition , these special node types may be added to with a convolutional neural network , in box 1502 , the 
a SoPoNet to increase the representation power of the computer system initializes a combining network to at least 
network , while also making the knowledge represented in emulate the computation done by the higher layers of a 
the network easier to interpret and easier to share and 5 convolutional neural network . However , comparison to a 
communicate among cooperating networks . convolutional neural network is merely an example of one 
FIG . 15 illustrates a process of building a large SoPoNet situation in which it is natural to have separate subnetworks 

network out of many related smaller networks . In one analyzing subsets of the input vector . 
embodiment , separate subnetworks accept different subsets Other embodiments of FIG . 15 do not necessarily have 
of elements of the input data vector but can coordinate their 10 any resemblance to convolutional neural networks . For 
learning through a process called soft - tying . The process of example , ensemble members may take as input subsets of a 
FIG . 15 differs from the processes of other figures by sequence of text data , but the subnetworks would learn 
introducing the concept and process of soft - tying . Although syntactic and semantic structures rather than convolutional 
described in association with FIG . 15 , soft - tying may be filters . 
used in any network . For example , it can be used in the 15 A better characterization of the intended purpose and 
merged networks created in FIGS . 8 and 13. Soft - tying can capabilities of the ensemble members in general is breaking 
also be used among members of an ensemble when they are down of a complex task in a high - dimensional space into 
not merged into a single network . It can even be used when component tasks in spaces of smaller dimensions . An 
the computation for training the ensemble members is being example of a complex task that can be broken into compo 
done on a set of distributed computers . One of the advan- 20 nent tasks in spaces of smaller dimension is the Boolean 
tages of soft - tying is that is does not require the high data parity function and other Boolean functions that approxi 
bandwidth that would be required , for example , for hard- mate the parity function . The parity function is the function 
tying , as is done for the weights in the convolution filters in defined on a vector of n bits , each input taking the value 0 
a convolutional neural network . or 1 , where the output is equal to one if the number of input 

In box 1501 , the computer system also introduces the 25 bits equal to 1 is odd and the output is equal to zero if the 
concept of input vector subvectors , which has not been number of input bits equal to 1 is even . The process of 
explicitly discussed in association with other figures . For training a network to learn the parity function or a function 
example , in box 1501 , the computer system can create or similar to the parity function may be very slow for large 
obtains a collection of networks in which each member only values of n , because changing any one bit of the n input bits 
receives a selected subset of the input variables . The col- 30 changes the value of the output . In general , when training a 
lection of networks may be members of an ensemble . network to learn an unknown Boolean function , it will not 
Notice , for example , that the convolutional layers of a be known whether the function will be similar to the parity 
convolutional neural network are a limited special case of function , either for the function as a whole or the function 
this condition . Even within the image recognition task of an restricted to some subspace . Similarly , for more general 
existing convolutional neural network , a useful extension is 35 classification problems , it is not known whether some aspect 
to add some extra members that each look only at a ( possibly of the classification task will require learning a function with 
random ) selection of pixels from scattered locations in the properties like those of the parity function . Therefore , it is 
image . These extra member networks would often be better usually not possible to specify a special - purpose architecture 
able to learn global or large - scale properties of the image that , if known , could efficiently compute the parity function 
more quickly than the myopic lower convolutional layers . In 40 or generalizations of the parity function . The method of FIG . 
any case , they can learn complementary knowledge . Thus , it 15 provides an efficient general - purpose procedure for learn 
is useful to think of the convolution filters in a convolutional ing complex functions with properties like the parity func 
neural network as examples of the general technique of tion . 
having subnetworks respectively receive input vectors that The task of training a network to learn a function similar 
are subvectors of the total input vector . The general tech- 45 to the parity function is much easier for smaller values of n . 
nique also applies to other kinds of data , such as text , for In box 1501 , the computer system creates ensemble mem 
which convolution might not be defined . bers , each of which takes a subset of the total input vector 

In some embodiments , each ensemble member may also as input . For example , if the input is a 32 - bit vector , the 
be trained on a different subset of the training data . During ensemble may consist of many ensemble members , each of 
the training of the ensemble members , the learning coach 50 which has a smaller number of input bits ( e.g. , 4 ) . For the 
1510 may reassign a data example from one ensemble parity function or a close approximation to it , the correct 
member to another . For example , initially two ensemble output value of any 4 - bit input subset of a 32 - bit vector will 
members may be training on overlapping subsets of the be split almost 50/50 between odd and even outputs when 
training data and / or they may be cross - tested on each other's averaged over the entire data set . Let each ensemble member 
training data . When one of the ensemble members has better 55 train on a different subset of the training set , and let the data 
performance on a data example , that data example may be assignment be based on dynamically changing data assign 
assigned exclusively to that ensemble member . More gen- ment weights . Then each ensemble member will evolve to 
erally , for each ensemble member , each data example may specialize on a data subset such that the number of 1 bits in 
have an assignment weight between 0 and 1. During train- the other 28 input bits not included in the 4 - bit input vector 
ing , learning coach 1510 may increase the assignment 60 is always odd or is always even . On such a data subset , each 
weight towards 1 for the more successful ensemble members ensemble member will quickly learn the proper 4 - bit parity 
and decrease it towards 0 for the less successful ensemble function . In the merged network created in 1502 , with the 
members . This training weight assignment is similar to the combining network created in 1503 , the computer system 
training weight assignment in box 1105 of FIG . 11 and box will train the total network to compute the parity function for 
1205 of FIG . 12 . 65 successively larger subsets of the 32 - bit input vector and 

In box 1502 , the computer system merges the member larger subsets of the training data , culminating in the full 
networks of the collection , such as by using the process parity function or any similar function . 
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In box 1502 , the computer system merges the collection counter - tying can be applied to any two existing nodes in the 
of networks , and box 1503 adds a self - organizing combining network , to two nodes that are created just for the purpose , 
network . Although the collection of networks created or or to two nodes that are created by node splitting as 
obtained in box 1501 is not necessarily an ensemble , in described in association with box 404 of FIG . 4 . 
boxes 1502 and 1503 , the computer system can build a In box 1601 , the computer system obtains an ensemble , a 
combined network with a process similar to the process merged ensemble , or a single self - organizing partially 
described in association with boxes 1302 and 1303 of FIG . ordered network . The members of the ensemble or merged 
13 . ensemble may be conventional networks . In box 1602 , the 

Boxes 1504 and 1505 are optional . On the other hand , computer system selects or creates two nodes that are to be 
they are also very general in their range of applicability . 10 trained to be complementary . In this context , “ complemen 
They are not limited to networks created by merging smaller tary ” means that the two nodes are trained to perform a 
networks . They can be used in any neural network or pattern recognition or feature detection task better by work 
collection of neural networks . They also can be applied to ing together than by being trained to optimize their indi 
any SoPoNet or collection of SoPoNets . Boxes 1504 and vidual performance . Furthermore , they are not only trained 
1505 are described here , and the convolutional neural net- 15 to be complementary , but their joint goal is to contribute as 
work example was mentioned above , because the labeling in much as possible to improving the performance of the whole 
box 1504 and the regularization in 1505 generalize the network rather than to optimizing their own performance in 
sharing of weight parameters in the convolution filters in a isolation . 
convolutional neural network . In box 1603 , the computer system detects data on which 

In boxes 1504 and 1505 , the computer system can tie 20 an error has been made or an error on similar data is likely 
together weights that are merely expected to be similar because two or more members of the ensemble have both 
rather than applying only to the case when they are forced made the same mistake . It also detects the corresponding 
to be identical . The tying in box 1504 is implemented condition when it occurs among the subnetworks represent 
through a shared label and is called " soft - tying . ” Directly ing former ensemble members in the combined network of 
tying the values of the weight parameters is called “ hard- 25 a merged ensemble . In one embodiment , the learning coach 
tying . ” Hard - tying can be implemented by soft - tying with an 1610 controls hyperparameters that adjust the relative cost 
extreme value for the associated hyperparameter , so hard- of the terms in the special cost function . 
tying can be considered a special case of soft - tying . The When , in box 1603 , the computer system detects a case of 
effect of the soft - tying is achieved through a regularization such error - prone data , in box 1604 , the computer system 
penalty applied in box 1505 . 30 applies a special regularization cost term to the node pairs 

In box 1504 , the computer system can also tie together the created or selected in box 1602. The special regularization 
activations of sets of nodes whose activations are expected cost function penalizes the two nodes for agreeing with each 
to be similar when presented with the same input data , which other and / or rewards them for being different . Note that the 
requires a separate discussion . Of course , the activation penalty for agreeing is only applied on data examples in 
value of a node depends not only on the characteristics of the 35 which two or more ensemble members or merged former 
node in isolation but rather of the whole subnetwork that ensemble members make the same mistake . In other situa 
feeds it . Unlike a weight parameter , the activation of a node tions , the selected node pairs are trained with the normal 
also depends on the input data example . The tying represents back - propagation of the main objective alone . In box 1605 , 
the expectation that the activation of the node as a culmi- the computer system applies back - propagation , including 
nation of the activations in its subnetwork will be similar to 40 back - propagating the extra cost term from the selected node 
another node as the culmination of the action of its own pairs back to their subnetworks . In box 1606 , the computer 
subnetwork when they are presented with the same data . system resumes the iterative training . 
Nodes that are located in the same conventional network can The intent is that the special training of the selected node 
have their activations soft - tied for individual data examples . pairs will enable the SoPoNet to learn to solve a dilemma 

The merged network of FIG . 15 requires a more general 45 that occurs when training or merging an ensemble of high 
version of node soft - tying . This more general version of performance classifiers . It is easy to train an ensemble of 
soft - tying also applies to ensembles and arbitrary collections weak recognizers to perform better than its individual mem 
of networks . In this more general version , the soft - tying bers . However , relative improvement is harder to achieve in 
regularization is applied to nodes that are in different net- ensembles of high - performance classifiers . It is tempting to 
works or , in the case illustrated in FIG . 15 , subnetworks that 50 think that with two or more classifiers that each have an error 
received different subsets of the input data . The soft - tying rate of less than one percent , “ if the errors were just 
regularization is applied to when the same data is supplied independent the probability that they both would be wrong 
at different times to the separate networks . In this case , the is less than 0.0001 . ” Of course , the errors are not indepen 
soft - tying is intended to represent shared knowledge or dent . Most of the data is easy to classify and the high 
knowledge to be learned that is hopefully sharable . 55 performance classifiers both get all of the easy cases right . 

If , in the merged collection of networks , there are weights They both only miss the very difficult examples . With an 
or node activations that are expected to be the same or ensemble of three or more members , it is still tempting to 
similar , then the soft - tying of boxes 1504 and 1505 is think , “ if only no two of the ensemble members would make 
applied . Otherwise , boxes 1504 and 1505 are skipped . In the same mistake . ” However , it is difficult to train the 
either case , in box 1506 , the computer system resumes 60 ensemble members to be different from each other while also 
iterative training of the combined network . training each of them to try to be right all of the time . 
FIG . 16 implements a procedure , called counter - tying , for The process in FIG . 16 avoids directly going after this 

improving the performance of any ensemble or merged difficult , possibly self - contradictory goal . Instead , the 
ensemble . Counter - tying can be applied to the output nodes complementary node pairs are trained to learn something 
in a conventional ensemble in the form of an extra cost 65 that may be useful to the combined network to improve its 
function imposed by a learning coach . In the case of a joint performance . It does not prescribe how this informa 
merger of an ensemble of SoPoNets or a single SoPonNet , tion should be used . 
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FIG . 17 is a flow chart that generalizes the techniques of works . It is even much greater than merely applying these 
the other diagrams to recursive networks , but the impact of techniques to recursive self - organizing partially ordered 
that generalization is much greater than may be apparent at networks . 
first . After explaining the steps in FIG . 17 , its impact will be This procedure unrolls the recursive network with mul 
explained . In summary , it not only generalizes all the capa- 5 tiple network copies with a counter value t , in a fashion 
bilities of self - organizing within a partially ordered network , similar to back - propagation in time for neural networks . it essentially removes all the limitations . However , the unrolled network as a whole is a self - orga In box 1701 , the computer system enables and selects one nizing partially ordered network . The counter value t is not or more reflexive and / or backward connections . In one restricted to be a linear order like time . Like the relation in 
aspect , the computer system , at box 1701 , can select the 10 each network , it is also only a partial order . Any copied 
reflexive and / or backward connections that are most impor network can be directly connected to any higher network tant to the task objective . Although there is no conceptual 
limit to the number of reflexive and / or backward connec copy . There is not necessarily any distinction between 
tions selected by the computer system , in some aspects the long - term and short - term memory . 
number of selected connections can be limited by the 15 Even more important , perhaps , is the fact that the unroll 
memory and computation resources available to the com ing does not only enable reflexive connection from a node to 
puter system . Limitations of memory and computation need itself . The unrolling allows all connections , including back 
to be assessed in the light of the large unrolled super ward connections . It allows the self - organized learning to 
network that is constructed in box 1702 . make any of the connections from node b to node a that were 

In box 1702 , the computer system unrolls multiple copies 20 blocked in FIGS . 9 and 10 because a < b . Thus , to accelerate 
of the original self - organizing partially ordered network . learning or to escape from a local minimum , a new connec 
Each copy receives a counter value t . tion can be created from any node a to any node b . This 

In box 1703 , the computer system imposes a strict partial property , in turn , eliminates most of the difficulty in choos 
order on t . Any strict partial order can be used . In some ing which cross - connections to make first when building 
embodiments , it uses the transitively closed partial order 25 large networks by merging collections of smaller networks . 
rather than the linear order commonly used for unrolling Thus , FIG . 17 not only extends the benefits of all the 
recursive neural networks for back - propagation - in - time . techniques in other figures to recursive neural networks , it 
That is , direct connections are allowed from network s to extends the benefits of unrolling to all the other techniques 
network t if s < t . in the other figures . 

In box 1704 , the computer system defines the partial order 30 FIG . 18 is a block diagram of a system that combines 
among all the nodes in all the copies of the original network . asynchronous exploration of multiple network architectures 
It uses lexicographic order . That is , if a [ s ] is a node in with SoPoNets ' self - organizing capabilities . Box 1800 rep 
network copy s and b [ t ] is a node in network copy t , then resents the main network being trained . In one embodiment , 
a [ s ] < b [ t ] either if s < t or if sot and a < b in the original the main network 1800 comprises a main task subnetwork 
partially ordered network . 35 1801 that is being trained with the same , or substantially the 

In box 1705 , the computer system adds or activates any same , objective and training data as the full main network 
desired connections from a node in network s to a node in 1800. It also comprises one or more subnetworks 1811 and 
network t if s < t . In box 1704 , the computer system defines 1812 that are being trained with objective functions and 
the partial order so that each of these connections is possible . training data that represent subtasks . A subtask differs from 
In one embodiment , learning coach 1710 guides the self- 40 the main task in one or more ways , including , but not limited 
organizing process within each network copy and in the to , the following examples : 
partial order among the network copies . 1. The subtask receives as input data variables that are a 

In box 1706 , the computer system then runs self - orga- subset of the input data variables of the main task . 
nized training on the whole unrolled network . This training 2. The subtask is trained on a subset of the training data 
has all of the representation and learning capabilities of all 45 for the full , main task . Examples of data selection 
the techniques discussed in association with other figures . It methods include but are not limited to : 
also has all of the self - organizing capabilities discussed ( a ) The data subset is a confusable cohort , as in FIG . 5 . 
before , but it is no longer prevented from making a connec ( b ) The data subset is selected to represent one or more 
tion from node a to node b if it makes the connection from examples of errors and close calls made by the main 
a copy a [ s ] of node a to a copy b [ t ] of node b , where s < t . 50 task subnetwork . 
As a technique for accelerating learning , this means that , ( c ) The data subset is selected by data splitting as in 

if the quantity CADV ( a , b ) is large , it can look for pairs of FIG . 4 . 
counter values s and t for which the magnitude is also large ( d ) The data subset is selected at random . 
when b [ s ] is substituted for b and a [ t ] is substituted for a . For ( e ) The data subset is a member subset of a designed 
example , if act ( b ) and 8 ( a ) are similar in all copies of the 55 partition of the data , such as used in box 1101 in FIG . 
network , then any pair s < t may be chosen . On the other 11 . 
hand , if the cross - derivative only has a large magnitude for 3. The subtask has an objective that distinguishes only a 
certain pairs s and t , then the network copies for s and t can subset of the categories to be distinguished in the main 
be directly connected . With this degree of freedom to choose task . 
new connections to activate , the self - organizing procedure 60 4. The subtask has an objective that has categories cor 
will almost always be able to accelerate the learning . responding to a partition of the set of categories for the 
FIG . 17 generalizes the techniques of the other diagrams main task . That is , each category in the subtask may 

to recursive networks . When combined with the represen represent one or more categories from the main task . 
tation and learning power of self - organizing partially 5. The subtask is a subtask selected by box 702 in FIG . 7 . 
ordered networks , adding recursion is paradigm shifting . 65 6. The subtask represents a network that has been merged 
This change represents a much greater generalization than into the main task subnetwork , as in the process or FIG . 
merely applying these techniques to recursive neural net- 8 or the process of FIG . 13 . 
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( a ) The subtask may have the same objective as the in training data , development test data , or operational data ; 
separate network before the merger , which may be and ( 3 ) monitoring performance statistics on validation data . 
different than the objective of the merged network . Based on this active monitoring , learning coach 1810 

( b ) The subtask may be trained on the same data as the makes decisions , such as to copy one or more subnetworks 
separate network before the merger , which may be 5 from one of the separate networks 1820 into the main task 
different from the training data for the main task . network 1800. The copied subnetwork may either become a 

7. The subtask may represent a former member of an new subtask network , such as 1811 or 1812 , or it may be 
ensemble of networks . The main task subnetwork may merged into the main task subnetwork 1801 , for example , by 
or may not comprise a subnetwork representing the any of the processes illustrated in FIGS . 7 , 8 , and 13 . 
merger of the ensemble of which the subtask network 10 Learning coach 1810 may also drop less productive subnet 
was formerly a member . works or an entire separate network 1820. Learning coach 

1810 may also copy a subnetwork from one separately 8. The network for the subtask may be a network that has trained network 1820 or from main network 1800 to a 
a different architecture than the main task network , with second separate network 1820 . examples including , but not limited to : In finding an optimum architecture , the system illustrated ( a ) The subtask network may have fewer parameters or in FIG . 18 combines the capabilities of four distinct fewer degrees of freedom than the main task net approaches in exploring network changes : ( 1 ) the self 
work . organizing learning of a SoPoNet ; ( 2 ) reinforcement learn 

( b ) The subtask network may have been produced by a ing based on trial - and - error exploration of large - step , dis 
large - step or trial - and - error change in the main task . 20 continuous changes in the architecture ; ( 3 ) exploring design 
One or both of the main task network and the subtask space by managing a semi - asynchronous swarm of models ; 
network may have continued self - organizing learn- and ( 4 ) simulating natural selection through copying net 
ing since the subtask network was originally pro- works , merging networks , and dropping less productive 
duced . networks . FIG . 18 also includes the capability to share 

( c ) The subtask network may have been produced by 25 knowledge , both through node soft - tying and through 
separate training , as in box 1820 , to be described actions of learning coach 1810 to copy subnetworks . In one 
below . embodiment , the sharing of knowledge is performed with a 

In one embodiment of box 1800 , each of the one or more lower frequency than the updates in training the networks . 
subnetworks represented by boxes 1801 , 1811 , and 1812 Therefore , the knowledge sharing may be done even when 
may have directed arcs in either direction between nodes in 30 the main network 1800 and one or more of the separate 
a first subnetwork and one or more other subnetworks where networks 1820 are implemented on a distributed set of 
the one or more other subnetworks may be the main task computers with limited data bandwidth . For example , the 
subnetwork or a subtask subnetwork . main network 1800 and one of more of the separate net 

In one embodiment , subtask networks may be created or works 1820 may be at different locations and communicat 
deleted under guidance of learning coach 1810. For 35 ing over a packet - switched network , such as the Internet . 
example , learning coach 1810 may experimentally create The directed arcs in a layered neural network define a 
subtasks based one or more of the examples in the list above . unique directed acyclic graph G. However , for any directed 
Learning coach 1810 may then decide to keep or delete a acyclic graph G there may be more than one way to arrange 
subtask and decide when to create a new subtask based on the nodes in the directed acyclic graph G into layers , as 
reinforcement learning , which is a technique well known to 40 depicted in FIGS . 21A - C , for example . The directed acyclic 
those skilled in the art of machine learning . graph G describes the specific computations that must be 
Box 1820 represents one or more groups of one or more done in the feed - forward and back - propagation computa 

networks that are trained separately from the main network tions , and the directed arcs place restrictions on the order in 
1800. There may be more than one instance of box 1820 . which the computations must be done . If there is a directed 
Each instance of box 1820 may have zero or more main task 45 arc from node A to node B , the activation of A must be 
subnetworks , such as 1821 and 1831 , with the substantially computed before the activation of B can be computed . 
the same objective as the main task network 1801 in the However , that restriction does not completely determine the 
main network 1800. Networks 1821 and 1831 may or may order of the computations on the nodes . For example , the 
not have the same training data as network 1801. In addition , activations of any set of incomparable nodes may be done in 
each instance of box 1820 may have zero or more subtask 50 any order . 
networks , such as 1822 and 1832 , that are similar to the Although not originally designed for this purpose , arrang 
subtask networks 1811 and 1812 in the main network 1800 . ing the nodes of a DAG into layers provides a means to 
The subtask networks 1822 and 1832 in a separate net- represent more restrictions on the order of the computation . 

work 1820 may have directed arcs connecting them to each That is , the layers in a layered feed - forward neural network 
other and / or connecting them to one or more of the main task 55 can be interpreted as specifying that the layers in the 
subnetworks 1821 and 1831 in the same instance of box network be processed in order but that there is no restriction 
1820 . on the order of the processing among the nodes within a 

In addition to the directed arc connections , nodes in single layer . For example , the nodes within a single layer 
different separate networks or in the main network may be may be processed simultaneously in parallel if there is 
soft - tied with nodes in other separate networks , as described 60 parallel hardware available with sufficient capacity . 
in association with FIG . 15 . Another purpose for mapping a computation DAG G of a 

The learning coach 1810 actively monitors the learning SoPoNet into a layered network is that the assignment of 
progress of the main network 1800 and each of the separate nodes to layers facilitates a quick partial test of the relation 
networks 1820. This monitoring includes , but is not limited ship of a node pair ( A , B ) . If A is in a lower layer than B , 
to : ( 1 ) monitoring the rate of training progress , for example , 65 then either A < B or A and B are incomparable . 
the magnitude of the gradient and / or the rate of reduction in FIG . 19 , however , uses the mapping of a DAG into a 
the error cost function ; ( 2 ) monitoring errors or close calls layered feed - forward network for a different purpose : to 
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facilitate the self - organizing learning in a SoPoNet that is In another example embodiment , two copies of the first 
created by the merger of two or more networks . In box 1901 , network are also created and mapped to layered networks in 
the computer system obtains the first of these networks , NO . the manner of box 1904 and 1905. Then the four subnet 
NO is represented as a layered network . If NO is a DAG with works are merged into a single SoPoNet , with the preferred 
nodes that have not been assigned to layers , it can be mapped 5 direction of arcs connecting the subnetworks generally being 
to a layered network , for example , by either the process used from the networks with the mappings created in box 1904 to 
in box 1904 or by the process used in box 1905. In box 1902 , the mappings created in box 1905 . 
the computer system obtains a second network , represented The process illustrated in FIG . 19 is an illustrative method 
as a directed acyclic graph , that is a graph for which layers for merging knowledge subnetworks as described in asso 
have not been specified or for which the current layers will 10 ciation with FIG . 14. It also may be used for merging networks as illustrated in FIGS . 7 , 8 , and 15 . be ignored and replaced in boxes 1904 and 1905. In box FIG . 20 illustrates several processes by which many 1903 , the computer system makes two copies , N1 and N2 , nodes may be added at once to a layered feed - forward neural of the second network . network with no degradation in performance . FIG . 20 deals 

In one embodiment , in box 1904 , the computer system 15 with the process of placing nodes being added to a layered 
maps the nodes of network N1 into layers such that each network . 
node is assigned to as low a layer number as possible . Several of the examples use linear nodes . Linear nodes 
Pseudocode to compute such a mapping is as follows : were mentioned as an example of a special computation 

node in the discussion of FIG . 14. Contrary to conventional 
20 wisdom , linear nodes can be quite useful in facilitating the Mark all the nodes as unassigned ; learning process for networks with many layers . Let L represent the current layer ; 

Start with L = ( then increment L until all the nodes have been In box 2001 , the computer system obtains a layered 
assigned to a layer { network or maps the nodes of an unlayered SoPoNet into 

Assign any unassigned node B to layer L , for all arcs layers . 
( A , B ) , A is in a lower layer than L Boxes 2002 , 2003 , 2004 , and 2005 are all individually Repeat for the next higher layer } optional and may be done in any order . In box 2002 , the 

computer system adds one or more linear nodes as a com 
Notice that layer L = 0 will only contain nodes with no panion to a non - linear node . In one embodiment , a linear 
incoming arcs , that is , the input layer . Let numL be the node is added as a companion to every non - linear inner layer 
maximum of the number of layers in NO and the number of 30 node . For example , FIG . 23A depicts an illustrative feed 
layers in N1 . forward network including a first non - linear node NL1 that 

In one embodiment , in box 1905 , the computer system includes directed arcs to a second non - linear node NL2 and 
maps the nodes of network N2 into layers such that each a third non - linear node NL3 . The non - linear node NL1 is an 
node is assigned to as high a layer number as possible . inner layer node that receives an input , which may include 
Pseudocode to compute such a mapping is as follows : 35 directed arcs from foregoing layers in the feed - forward 

network . FIG . 23B depicts linear nodes L1 , L2 being added 
as companions to the inner layer non - linear node NL1 . In 

Mark all the nodes as unassigned ; one embodiment , a first linear companion node L1 is ini Let L represent the current layer ; 
numL then decrement L until all the nodes have tialized to receive the same inputs as the non - linear node 

been assigned to a layer { 40 NL1 and a second linear node L2 receives input just from the 
Assign any unassigned node A to layer L , for all arcs non - linear node NL1 and the first linear node L1 , with the 
( A , B ) , B is in a higher layer than L weight of the connection from the first linear node L1 to the Repeat for the next lower layer } second linear node L2 initialized to zero ( i.e. , W ; 0 ) , as 

depicted in FIG . 23B . The directed arcs that had been arcs 
In one embodiment , if there are more layers in the second 45 leaving the non - linear node NL1 are connected instead as 

network than in the first network , then the roles of the two outgoing arcs from the second linear node L2 , as depicted in 
networks are reversed . FIG . 23C . It should be noted that in FIGS . 23B and 23C , the 

If the second network obtained in box 1902 is already a dashed lines represent the directed arcs that have been added 
layered network , then in some embodiments , the remapping or changed in the particular step of the depicted process and 
into layers of box 1904 and 1905 is optional . However , if the 50 do not signify that there is anything fundamentally different 
number of layers in the second network is comparable to or regarding the dashed arcs relative to the arcs depicted in 
greater than one - half the number of layers in NO , then the solid lines . In one embodiment , the weights respectively 
remapping may be desirable . In any case , the layers in N2 connecting the non - linear node and the first linear node to 
are renumbered so that the highest layer in N2 is numbered the second linear node are constrained to sum to one . This 
the same as the highest layer in NO and so on throughout the 55 process can then be repeated for each of the inner layer 
decreasing layer numbers . non - linear nodes in the network . 

In box 1906 , the computer system merges the three In some embodiments , the weights on the arcs coming 
networks , NO , N1 , and N2 . In box 1907 , the computer into the linear node L2 are not only initialized to be the same 
system commences or continues self - organizing training . In as the weights on the corresponding arcs into the non - linear 
this training , when arcs are added connecting a node in one 60 node , they are hard - tied or soft - tied during further training . 
of the three subnetworks to a node in a different one of the If the weights are hard - tied , an alternate implementation of 
three subnetworks , either a fixed regularization rule or the non - linear node NL1 and the two linear nodes L1 , L2 is 
guidance from learning coach 1910 can enforce a preference as a single complex node that computes the equivalent 
for the direction of the arcs . For example , a regularization output . 
rule or guidance from the learning coach 1910 can exhibit a 65 In one embodiment , the linear node has a slope parameter , 
preference for arcs going from subnetwork N1 to subnet- which may either be a learned parameter or a hyperparam 
work NO or N2 and from subnetwork NO to subnetwork N1 . eter that is controlled by a fixed schedule or , in one embodi 

Start with L = 
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ment , is custom controlled for each node by the learning to the output layer , as in box 2005. In one embodiment , these 
coach 2010. One of the purposes of the linear companion supplementary linear output nodes are in one - to - one corre 
node is to prevent the vanishing gradient in the saturation spondence with the regular output nodes . In some embodi 
region of a sigmoid or tan h activation function or the dead ments , each linear output node has its activation soft - tied to 
region of a rectified linear unit . In one embodiment , learning 5 the corresponding regular output node . 
coach 2010 actively monitors each non - linear node , noting Finally , in reference to all the techniques in FIGS . 2-20 
data examples in which the activation function is in a region that add one or more elements to a network : Such an 
of the function with a low magnitude derivative on a data addition always adds one or more parameters for which the 
example for which the sign of the gradient is toward the partial derivative of the objective is non - zero . This property 
other extreme of the activation function . When such a 10 is true when the system before the addition has been in a 
condition exists , the learning coach makes a decision among condition of slow learning . This property is also true when 
possible remedies , such as increasing the temperature of the the system before the addition has converged to a stationary 
non - linear node if there is a hyperparameter to control the point , even if the stationary point is a global minimum . That 
temperature , increasing the weight of the arc connecting the is , improvement can be made even when the system before 
first linear node to the second linear node , or increasing the 15 the addition has been trained to a global minimum of 
slope of the first linear node . objective for weight parameter settings for the fixed network 

In some embodiments , the slope of the first linear node architecture . 
and / or the weight connecting it to the second linear node is In other words , for any network that has been trained to 
regularized to converge to zero as the training converges to convergence for a fixed architecture , by treating the network 
its final answer . 20 as a self - organizing partially ordered network rather than as 

In box 2003 , the computer system adds a layer consisting a fixed network , adding an element always makes it possible 
just of linear nodes between two successive layers of the to improve the performance that was the best possible for the 
layered network . It is initialized to be the identity . Under fixed network . 
training , this linear layer can learn rotation and scaling of As an example , consider the technique of node and data 
vector space of output values from the preceding layer to the 25 splitting discussed in association with FIG . 4. It is always 
vector space of input values for the following layer . For possible to improve the performance of any fixed network 
example , it can facilitate mapping from a higher dimension unless the gradient of the objective is zero , not just for the 
to a lower dimension or mapping from a dense representa- full training batch as a whole , but for every data example 
tion to one or more sparse representations . individually . Such a condition is extremely unlikely . For 

In box 2004 , the computer system adds one or more 30 example , the ability to construct adversarial examples ( i.e. , 
uncommitted non - linear nodes to a layer of the network . For data examples that have been generated or modified in a 
example , it can add one or more sparse node sets or other manner that is intended to cause the classifier to misclassify 
feature node sets , as described in association with FIG . 14 , them ) is based on the fact that the gradients for the indi 
to one or more layers of the network . In some embodiments , vidual data examples are not zero . Therefore , node splitting 
these feature node sets are added to many or even all of the 35 can always be used to improve the performance of any 
inner layers of the network . system , unless the performance is already perfect . 
As another example , in a layered network , the additional FIG . 25 is illustrates an example of a multilayer feed 

nodes created by node splitting as in FIG . 4 are added to the forward deep neural network . Some components of the 
same layer as the original node . As yet another example , current invention may comprise neural networks , such as the 
special computation nodes , as in FIG . 14 , may be added to 40 example neural network shown in FIGS . 21A - C . A neural 
any layer . network is a collection of nodes and directed arcs . The nodes 

In box 2005 , the computer system adds linear nodes to in a neural network are often organized into layers . In a 
one or more existing layers . In some embodiments , extra feed - forward neural network , the layers may be numbered 
linear nodes are added to most or all of the layers . These from bottom to top , when diagramed as in FIG . 25. Each 
linear nodes provide a means of passing information from 45 directed arc in a layered feed - forward neural network goes 
lower layers to non - adjacent higher layers , in addition to or from a source node in a lower layer to a destination node in 
instead of direct connection by arcs that go across many a higher layer . The feed - forward neural network shown in 
layers . In a SoPoNet that is also a layered network , any node FIG . 25 has an input layer , an output layer , and three inner 
can be connected directly to any node in any higher layer . layers . An inner layer in a neural network is also called a 
However , the number of such node pairs grows as the square 50 “ hidden ” layer . Each directed arc is associated with a 
of the number of layers . On some tasks , adding linear nodes numerical value called its “ weight . ” Typically , each node 
to each layer may be able to achieve the same result with other than an input node is associated with a numerical value 
fewer parameters . Training the side network of linear nodes called its “ bias . ” The weights and biases of a neural network 
may also be faster and may be less prone to overfitting . are called “ learned ” parameters . During training , the values 

In box 2006 , the computer system continues the self- 55 of the learned parameters are adjusted by the computer 
organizing training of the SoPoNet . system 2400 shown in FIG . 24. Other parameters that 

In one embodiment , a different learning regime is control the training process are called hyperparameters . 
employed . This learning regime may be applied to any deep A feed - forward neural network may conventionally be 
learning training , whether the node addition processes of trained by the computer system 2400 using an iterative 
FIG . 20 are used . In this embodiment , the network being 60 process of stochastic gradient descent with one iterative 
trained is first trained according to a mean - squared - error update of the learned parameters for each minibatch . In 
cost function . Then by rule , or under guidance of learning stochastic gradient descent , the full batch of training data is 
coach 2010 , the cost function is changed to a maximum typically arranged into a set of smaller , disjoint sets called 
likelihood cost function . In one embodiment , during the minibatches . An epoch comprises the computer system 2400 
mean - squared - error training , there are linear output nodes . 65 doing a stochastic gradient descent update for each mini 
Either the regular output nodes are temporarily replaced by batch contained in the full batch of training data . For each 
linear nodes or a set of supplementary linear nodes are added minibatch , the computer estimates the gradient of the objec 
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tive for a training data item by first computing the activation thousands of matrix multiplier units that operate at lower 
of each node in the network using a feed - forward activation precision than a CPU core , such as 8 - bit precision in an AI 
computation . The computer system 2400 then estimates the accelerator versus 64 - bit precision in a CPU core . 
partial derivatives of the objective with respect to the In various embodiments , the different processor cores 
learned parameters using a process called " back - propaga- 5 2404 may train and / or implement different networks or 
tion , ” which computes the partial derivatives based on the subnetworks or components . For example , in one embodi 
chain rule of calculus , proceeding backwards through the ment , the cores of the first processor unit 2402A may 
layers of the network . The processes of stochastic gradient implement the iterative loop of boxes 201-207 in FIG . 2 , and 
descent , feed - forward computation , and back - propagation the second processor unit 2402B may implement the learn 
are known to those skilled in the art of training neural 10 ing coach 220 and control boxes 208-210 with the changes 
networks . However , the present application describes other in the network communicated to processor 2402A . In other 
techniques for training nodal networks , such as feed - forward embodiments , one or more of the processor cores 2404 
networks , that includes the process illustrated in FIG . 2 and and / or one or more of the processor units could implement 
other related techniques described herein . other components in the systems herein , such as the one - shot 

Based on the above description , it is clear that embodi- 15 learning of 504 and 603 or the training and validation of 
ments of the present invention can be used to improve many pairs of training and validation sets in 1102 , etc. One 
operation , including the learning , of machine learning sys- or more host processors 2410 may coordinate and control 
tems , including deep neural networks , in a variety of appli- the processor units 2402A - B . 
cations . For example , embodiments of the present invention In other embodiments , the system 2400 could be imple 
can improve recommender systems , speech recognition sys- 20 mented with one processor unit 2402. In embodiments 
tems , and classification systems , including image and diag- where there are multiple processor units , the processor units 
nostic classification systems , to name but a few examples . could be co - located or distributed . For example , the proces 

The processes in the figures can be performed by machine sor units 2402 may be interconnected by data networks , such 
learning computer systems , which can be implemented with as a LAN , WAN , the Internet , etc. , using suitable wired 
computer hardware and software . For example , they could 25 and / or wireless data communication links . Data may be 
be part of an integrated computer system ( e.g. , a server or shared between the various processing units 2402 using 
network of servers ) that has multiple processing cores . The suitable data links , such as data buses ( preferably high - speed 
program instructions could be stored in computer memory , data buses ) or network links ( e.g. , Ethernet ) . 
such as RAM , ROM , processor registers or processor cache , The software for the various machine learning systems 
etc. , that is accessible by the processing cores . The processor 30 described herein and other computer functions described 
cores may comprise CPU or graphical processing unit herein may be implemented in computer software using any 
( GPU ) cores . GPU cores operate in parallel and , hence , can suitable computer programming language , such as .NET , C , 
typically process data more efficiently that a collection of C ++ , or Python , and using conven nal , functional , or 
CPU cores , but all the cores execute the same code at one object - oriented techniques . For example , the various 
time . The various machine learning systems could be part of 35 machine learning systems may be implemented with soft 
a distributed computer system . In such embodiments , the ware modules stored or otherwise maintained in computer 
computer devices ( e.g. , servers ) that implement the above- readable media , e.g. , RAM , ROM , secondary storage , etc. 
described techniques may be remote from each other and One or more processing cores ( e.g. , CPU or GPU cores ) of 
interconnected by data networks , such as a LAN , WAN , the the machine learning system may then execute the software 
Internet , etc. , using suitable wired and / or wireless data 40 modules to implement the function of the respective 
communication links . Data may be shared between the machine learning system ( e.g. , student , coach , etc. ) . Pro 
various systems using suitable data links , such as data buses gramming languages for computer software and other com 
( preferably high - speed data buses ) or network links ( e.g. , puter - implemented instructions may be translated into 
Ethernet ) . machine language by a compiler or an assembler before 
FIG . 24 is a diagram of a computer system computer 45 execution and / or may be translated directly at run time by an 

system 2400 that could be used to implement the embodi- interpreter . Examples of assembly languages include ARM , 
ments described above . The illustrated computer system MIPS , and x86 ; examples of high - level languages include 
2400 comprises multiple processor units 2402A - B that each Ada , BASIC , C , C ++ , C # , COBOL , Fortran , Java , Lisp , 
comprises , in the illustrated embodiment , multiple ( N ) sets Pascal , Object Pascal , Haskell , ML ; and examples of script 
of processor cores 2404A - N . Each processor unit 2402A - B 50 ing languages include Bourne script , JavaScript , Python , 
may comprise onboard memory ( ROM or RAM ) ( not Ruby , Lua , PHP , and Perl . 
shown ) and off - board memory 2406A - B . The onboard Unless specifically stated otherwise as apparent from the 
memory may comprise primary , volatile , and / or non - volatile foregoing disclosure , it is appreciated that , throughout the 
storage ( e.g. , storage directly accessible by the processor foregoing disclosure , discussions using terms such as “ pro 
cores 2404A - N ) . The off - board memory 2406A - B may 55 cessing , " " computing , ” “ calculating , ” “ determining , " or the 
comprise secondary , non - volatile storage ( e.g. , storage that like , refer to the action and processes of a computer system 
is not directly accessible by the processor cores 2404A - N ) , e.g. , the computer system 2400 of FIG . 24 ) , or similar 
such as ROM , HDDs , SSD , flash , etc. The processor cores electronic computing device , that manipulates and trans 
2404A - N may be CPU cores , GPU cores and / or AI accel- forms data represented as physical ( electronic ) quantities 
erator cores . GPU cores operate in parallel ( e.g. , a general- 60 within the computer system's registers and memories into 
purpose GPU ( GPGPU ) pipeline ) and , hence , can typically other data similarly represented as physical quantities within 
process data more efficiently that a collection of CPU cores , the computer system memories or registers or other such 
but all the cores of a GPU execute the same code at one time . information storage , transmission or display devices . 
AI accelerators are a class of microprocessor designed to Various aspects of the subject matter described herein are 
accelerate artificial neural networks . They typically are 65 set out in the following aspects , implementations , and / or 
employed as a co - processor in a device with a host processor examples , which can be interchangeably combined together 
2410 as well . An AI accelerator typically has tens of in various combinations : 
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In one aspect , a computer - implemented method for con- In one aspect , changing the structure of the nodal network 
trolling a nodal network comprising a first node and a second is controlled by a machine learning system executed by the 
node , the first and second nodes comprising activation computer system . 
functions that are evaluatable on a dataset according to an In one still further aspect , the machine learning system 
objective defined by an objective function , the method 5 comprises a learning coach machine learning system . 
comprising : ( i ) estimating , by a computer system , an effect In one further aspect , the first node and the second node 
on the objective caused by the existence or non - existence of form a cover pair in a strict partial order corresponding to a 
a direct connection between the first node and the second transitive closure of the nodal network ; and changing the 
node ; and changing , by the computer system , a structure of structure of the nodal network comprises deleting first 
the nodal network based at least in part on the estimate of the direct connection from the first node to the second node and 
effect . adding a second direct connection from the second node to 

In one further aspect , estimating the effect on the objec- the first node based at least in part on whether an estimate 
tive comprises : computing , by the computer system , a of the effect on the objective indicates improvement in a 
weighted average over the dataset of a product of an performance of the nodal network with respect to the 
activation of the first node and a partial derivative of the objective due to replacement of the first direct connection 
objective with respect to an input to the second node for each with the second direct connection . 
data item in the dataset . In one further aspect , the computer - implemented method 

In one still further aspect , the dataset comprises a devel- further comprises : freezing , by the computer system , the 
opment dataset set aside from a training dataset on which the 20 direct connection between the first node and the second node 
nodal network was trained . such that while the direct connection is frozen a connection 

In one further aspect , the first node and the second node weight of the direct connection is not changed during 
are not directly connected ; estimating the effect on the training of the nodal network . 
objective comprises estimating , by the computer system , the In one still further aspect , the connection weight of the 
effect on the objective of adding the direct connection 25 frozen direct connection is zero . 
between the first node and the second node ; and changing In one still further aspect , the connection weight of the 
the structure of the nodal network comprises adding , by the frozen direct connection is non - zero . 
computer system , the direct connection between the first In one still further aspect , the computer - implemented 
node and the second node based at least in part on whether method further comprises : unfreezing , by the computer 
an estimate of the effect on the objective indicates improve- system , the frozen direct connection . 
ment in a performance of the nodal network with respect to In one further aspect , the dataset over which the nodal 
the objective due to the existence of the direct connection . network is evaluated comprises a full batch of a training 

In one further aspect , the first node and the second node dataset . 
are directly connected ; estimating the effect on the objective In one further aspect , the the dataset over which the nodal 
comprises estimating , by the computer system , the effect on network is evaluated comprises a mini - batch of a training 
the objective of deleting the direct connection between the dataset ; and estimating the effect on the objective comprises 
first node and the second node ; and changing the structure of estimating , by the computer system , a gradient of the 
the nodal network comprises deleting , by the computer objective function for stochastic gradient descent . 
system , the direct connection between the first node and the In one further aspect , the computer - implemented method 
second node based at least in part on whether an estimate of further comprises : training , by the computer system , the 
the effect on the objective indicates improvement in a second node to match an output of the first node . 
performance of the nodal network with respect to the In one further aspect , ( i ) the nodal network comprises : ( a ) 
objective due to the non - existence of the direct connection . a first subnetwork for performing a first machine learning 

In one still further aspect , deleting the direct connection 45 task ; and a second subnetwork for performing a second 
between the first node and the second node is further based machine learning task that is distinct from the first machine 
at least in part on a magnitude of a connection weight learning task ; ( ii ) the first node is located in the first 
associated with the direct connection between the first node subnetwork ; and ( iii ) the second node is located in the 
and the second node . second subnetwork . 

In one further aspect , the nodal network comprises at least 50 In one still further aspect , the computer - implemented 
one of a strict partially ordered set , a weighted directed method further comprises : inputting , by the computer sys 
acyclic graph , an artificial neural network , or a layered tem , the dataset to the first subnetwork ; and inputting , by the 
feed - forward neural network , or a combination thereof . computer system , a subset of the dataset to the second 

In one still further aspect , the first node is located in a first subnetwork . 
layer of the layered feed - forward neural network and the 55 In one still further aspect , the computer - implemented 
second node is located in a second layer of the layered method further comprises : training , by the computer system , 
feed - forward neural network ; and the first node and the the first subnetwork on the dataset ; and training , by the 
second node are not directly connected . computer system , the second subnetwork on a subset of the 

In one further aspect , the nodal network comprises a first dataset . 
subnetwork and a second subnetwork ; the first node is 60 In one still further aspect , the computer - implemented 
located in the first subnetwork ; and changing the structure of method further comprises : training , by the computer system , 
the nodal network comprises adding , by the computer sys- the first subnetwork to distinguish a plurality of categories ; 
tem , the direct connection from the first node to the second and training , by the computer system , the second subnet 
node based at least in part on whether an estimate of the work to distinguish a subset of the plurality of categories . 
effect on the objective indicates improvement in a perfor- 65 In one still further aspect , the first subnetwork is evalu 
mance of the nodal network with respect to the objective due atable based on a first objective and the second subnetwork 
to the existence of the direct connection . is evaluatable based on a second objective , the first objective 
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corresponding to a plurality of categories and the second unfreezing , by the computer system , a connection weight 
objective corresponding to a subset of the plurality of between the first node and the second node . 
categories . In one still further aspect , wherein correcting the problem 

In one still further aspect , the first subnetwork is evalu- detected by the learning coach machine learning system 
atable based on a first objective and the second subnetwork 5 comprises : ( i ) copying , by the computer system , the nodal 
is evaluatable based on a second objective , the first objective network into a plurality of copy nodal networks ; wherein the 
corresponding to a plurality of categories and the second plurality of copy nodal networks each comprise a first set of 
objective corresponding to a subset of the plurality of copy nodes that are copies of nodes of the nodal network that 
categories . are connected to input nodes of the nodal network ; wherein 

In one still further aspect , wherein the first subnetwork 10 the plurality of copy nodal networks each comprise a second 
and the second subnetwork operate asynchronously , the set of copy nodes that are copies of nodes of the nodal 
computer - implemented method further comprises monitor- network that are connected to output nodes of the nodal 
ing , by the computer system , an individual performance of network ; ( ii ) combining , by the computer system , the plu 
each of the first subnetwork and the second subnetwork via rality of copy nodal networks into a combined nodal net 
a machine learning coach executed by the computer system ; 15 work ; ( iii ) connecting , by the computer system , each of the 
and changing , by the computer system , the structure of at first set of copy nodes to respective input nodes of the 
least one of the first subnetwork or the second subnetwork combined nodal network ; and ( iv ) connecting , by the com 
to improve a combined performance of the first subnetwork puter system , each of the second set of copy nodes to 
and the second subnetwork . respective output nodes of the combined nodal network . 

In one further aspect , the computer - implemented method 20 In one yet still further aspect , wherein the plurality of 
further comprises : training , by the computer system , the copy nodal networks each comprise copy inner layer nodes 
nodal network on the dataset according to the objective ; that are copies of inner layer nodes of the nodal network , the 
detecting , by the computer system , a problem in a learning computer - method further comprises : initializing , by the 
process of the nodal network during training of the nodal computer system , the combined nodal network such that the 
network via a learning coach machine learning system ; and 25 copy inner layer nodes of each of the plurality of copy nodal 
correcting , by the computer system , the problem detected by networks are not connected to the copy inner layer nodes of 
the learning coach machine learning system . another of the plurality of copy nodal networks ; and adding 

In one still further aspect , detecting the problem in the or deleting , by the computer system , connections between 
learning process of the nodal network comprises : detecting , the copy inner layer nodes from different copy nodal net 
by the computer system , whether a magnitude of an esti- 30 works via the learning coach machine learning system ; 
mated gradient is less than a threshold value across a wherein the learning coach machine learning system has 
plurality of stochastic gradient descent updates via the been trained to estimate the effect on the objective for the 
learning coach machine learning system . combined nodal network resulting from adding or deleting 

In one still further aspect , the dataset comprises a first the connections between the copy inner layer nodes . 
dataset ; and detecting the problem in the learning process of 35 In one yet still further aspect , the computer - implemented 
the nodal network comprises detecting , by the computer further comprises : delineating , by the computer system , a 
system , whether a difference between a performance of the strict partial order amongst the plurality of copy nodal 
nodal network with respect to the objective on the first networks ; determining , by the computer system , whether a 
dataset and the performance of the nodal network with first node of a first copy nodal network of the plurality of 
respect to the objective on a second dataset that is disjoint 40 copy nodal networks is less than or incomparable to a second 
from the first dataset exceeds a threshold value via the node of a second copy nodal network of the plurality of copy 
learning coach machine learning system . nodal networks ; and adding , by the computer system , a 

In one still further aspect , detecting the problem in the connection from the first node to the second node only if the 
learning process of the nodal network comprises : detecting , first node is less than or incomparable to the second node . 
by the computer system , whether the nodal network mis- 45 In one yet still further aspect , the delineated strict partial 
classifies a particular data item of the dataset over a plurality order is a total order . 
of training epochs via the learning coach machine learning In one yet still further aspect , the computer - implemented 
system . further comprises : positioning , by the computer system , the 

In one still further aspect , detecting the problem in the first copy nodal network and the second copy nodal network 
learning process of the nodal network comprises : detecting , 50 in the strict partial order such that they are comparable . 
by the computer system via the learning coach machine In one yet still further aspect , the computer - implemented 
learning system , whether the nodal network classifies a further comprises : positioning , by the computer system , the 
plurality of data items of the dataset into a single category , first copy nodal network at a first position in the strict partial 
wherein the classified plurality of data items are designated order ; and positioning , by the computer system , the second 
to be classified into a plurality of categories . 55 copy nodal network at a second position in the strict partial 

In one still further aspect , detecting the problem in the order ; wherein the first position is lower than the second 
learning process of the nodal network comprises : detecting , position . 
by the computer system , whether a performance of the nodal In one yet still further aspect , the nodal network com 
network with respect to the objective on the dataset is worse prises a first nodal network and the computer - implemented 
than the performance of an ensemble of nodal networks by 60 method further comprises : training , by the computer system , 
an amount exceeding a criterion . a second nodal network to perform a discrimination task that 

In one still further aspect , correcting the problem detected has not been learned by the first nodal network . 
by the learning coach machine learning system comprises : In one yet still further aspect , the computer - implemented 
adding or deleting , by the computer system , a connection method further comprises : training , by the computer system , 
between the first node and the second node . 65 the nodal network via one - shot learning . 

In one still further aspect , correcting the problem detected In one yet still further aspect , the computer - implemented 
by the learning coach machine learning system comprises : method further comprises : training , by the computer system , 
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the nodal network to discriminate between a first data item In various aspects , each of the aforementioned aspects , 
from the dataset and a second data item from the dataset . implementations , and / or examples of methods can be 

In one yet still further aspect , the nodal network com- executed by a computer system comprising a processor and 
prises a first nodal network and the computer - implemented a memory coupled to the processor . The memory stores the 
method further comprises : training , by the computer system , 5 nodal network comprising a first node and a second node , 
a second nodal network to perform a machine learning task the first and second nodes comprising activation functions 
that is not performed by the first nodal network . that are evaluatable on a dataset according to an objective 

In one aspect , a computer - implemented method for con- defined by an objective function . Further , the memory stores 
trolling a nodal network comprising a first node and a second the steps of the methods as instructions that , when executed 
node , the first and second nodes comprising activation 10 by the processor , cause the computer system to perform the method steps . functions that are evaluatable on a dataset according to an The examples presented herein are intended to illustrate objective defined by an objective function , comprises freez potential and specific implementations of the present inven ing , by a computer system , a direct connection between a tion . It can be appreciated that the examples are intended first node and a second node such that while the direct 15 primarily for purposes of illustration of the invention for 
connection is frozen a connection weight of the direct those skilled in the art . No particular aspect or aspects of the 
connection is not changed during training of the nodal examples are necessarily intended to limit the scope of the 
network . present invention . Further , it is to be understood that the 

In one further aspect , the connection weight of the frozen figures and descriptions of the present invention have been 
direct connection is zero . 20 simplified to illustrate elements that are relevant for a clear 

In one further aspect , the connection weight of the frozen understanding of the present invention , while eliminating , 
direct connection is non - zero . for purposes of clarity , other elements . While various 

In one further aspect , the computer - implemented method embodiments have been described herein , it should be 
further comprises : unfreezing , by the computer system , the apparent that various modifications , alterations , and adap 
frozen direct connection . 25 tations to those embodiments may occur to persons skilled 

In one aspect , a computer - implemented method for con- in the art with attainment of at least some of the advantages . 
trolling a nodal network comprising a first node and a second The disclosed embodiments are therefore intended to 
node , the first and second nodes comprising activation include all such modifications , alterations , and adaptations 
functions that are evaluatable on a first dataset and a second without departing from the scope of the embodiments as set 
data set according to an objective defined by an objective 30 forth herein . 
function , comprises : ( i ) assigning , by a computer system , a 
data influence weight to each data item in the first dataset ; What is claimed is : 
( ii ) training , by the computer system , the nodal network on 1. A computer - implemented method comprising : 
the first dataset via stochastic gradient descent , which com- training , by a computer system , at least partially , n = 1 to 
prises : computing , by the computer system , a weighted 35 N nodal networks , wherein : 
average of an estimate of a gradient in each stochastic N is greater than or equal to two ; 
gradient descent update according to the data influence each of the n = 1 to N nodal networks comprises a nth 
weight for each data item in the first dataset ; ( iii ) measuring , network input layer , a nth network output layer , and 
by the computer system during training of the nodal net one or more nth network middle layers , wherein the 
work , a performance of the nodal network on a second 40 each of the nth network input layer , the nth network 
dataset ; wherein the second dataset is disjoint from the first output layer and the one or more nth network middle 
dataset ; and ( iv ) adjusting , by the computer system during layers comprises at least one node , wherein the one 
training of the nodal network , the data influence weight of or more nth network middle layers are between the 
one or more data items in the first dataset based on the nth network input layer and the nth network output 
performance of the nodal network . layer , wherein the nth network input layer is below 

In one further aspect , adjusting the data influence weight the one or more nth network middle layers , and the 
comprises setting , by the computer system , the data influ one or more nth network middle layers is below the 
ence weight to zero . nth network output layer ; and 

In one further aspect , measuring the performance of the prior to merging the N nodal networks , there are no 
nodal network on the second dataset is semi - supervised . cross - connections between nodes of the N networks ; 

In one further aspect , the semi - supervised measuring of after training , at least partially , the n = 1 to N nodal 
the performance of the nodal network on the second dataset networks , merging , by a computer system , the N nodal 
comprises labeling , by the computer system , data items of networks into a stacked network , such that the nth 
the second dataset via a recognizer machine learning system . nodal network is below the ( n + 1 ) th nodal network , such 

In one aspect , a computer - implemented method for con- 55 that the ( N - 1 ) th nodal network is below the Nth nodal 
trolling a nodal network comprising a first node and a second network , 
node , the first and second nodes comprising activation wherein merging the N nodal networks comprises adding , 
functions that are evaluatable on a dataset according to an by the computer system , to the stacked network , a 
objective defined by an objective function , comprises train plurality of cross - connections between nodes of the N 
ing , by a computer system , the first node to maximize a 60 nodal networks , such that , for a value of n between 1 
magnitude of a correlation between the activation function and N - 1 inclusive , at least one of the plurality of 
of the first node and a partial derivative of the objective cross - connections comprises a cross - connection from a 
function with respect to an input to the second node . node of on a middle layer of the nth network to a node 

In one aspect , a computer - implemented method for con on a middle layer of a pth network in the stacked 
trolling a nodal network comprises implementing one or 65 network , where p is greater than n , such that the node 
more nodes of the nodal network , wherein the one or more on the middle layer of the pth network covers the node 
nodes comprise non - monotonic activation functions . on the middle layer of the nth network ; and 

45 

50 



US 11,093,830 B2 
59 60 

after adding the plurality of cross - connections , training , by the computer system , the N nodal networks such that , for 
by the computer system , the stacked network . n = 1 to N , the nth network output layer is directly connected 

2. The computer - implemented method of claim 1 , to an output of the stacked network . 
wherein adding the plurality of cross - connections com- 12. The computer - implemented method of claim 2 , 
prises : 5 wherein estimating the improvement to the objective of the 

evaluating , by the computer system , potential cross - con- stacked network through addition of a potential cross 
nections between two of the N nodal networks , wherein connection comprises evaluating a gradient cross product for 
each potential cross - connection is an arc between a first the potential cross - connection . 
node in a first of the N nodal networks and a second 13. The computer - implemented method of claim 12 , 
node in a second of the N nodal networks , and wherein 10 wherein adding the potential cross - connections comprises 
the evaluation of the potential cross - connection is adding , by the computer , a potential cross - connection when 
based on an estimated improvement in an objective of the gradient cross - product for the potential cross - connection 
the stacked network that includes the evaluated poten- exceeds a threshold value . 
tial cross - connection ; and 14. The computer - implemented method of claim 1 , 

adding , by the computer system , a plurality of the poten- 15 wherein adding the plurality of potential cross - connections 
tial cross - connection to the stacked network based , at to the stacked network comprises adding the plurality of 
least in part , on the evaluation such that , after the potential cross - connections to the stack network such that 
plurality of cross - connections are added to the stacked the knowledge of each of the N nodal networks is preserved . 
network , a node in the second of the N nodal networks 15. The computer - implemented method of claim 1 , 
covers a node in the first of the N nodal networks . 20 wherein adding the plurality of potential cross - connections 

3. The computer - implemented method of claim 2 , to the stacked network comprises adding the plurality of 
wherein the estimated improvement in the objective of the potential cross - connections to the stacked network such that 
stacked network for the evaluated potential cross - connection performance of the stacked network is improved with each 
is determined based on , at least in part , activation values of added potential cross - connection . 
the first node and estimates of partial derivatives of the 25 16. The computer - implemented method of claim 1 , 
objective with respect to activation of the second node . wherein there is quota on the plurality of cross - connections 

4. The computer - implemented method of claim 1 , added to the stacked network . 
wherein merging the N nodal networks comprises merging , 17. A computer system comprising : 
by the computer system , the N nodal networks such that one or more processor cores ; and 
each of the n = 1 to N network input layers receives input data 30 a memory in communication with the one or more pro 
for the stacked network . cessor cores , wherein the memory stores software that , 

5. The computer - implemented method of claim 4 , when executed by the one or more processor cores , 
wherein adding the plurality of cross - connections comprises cause the one or more processor cores to : 
adding , by the computer system , cross - connections from , for train , at least partially , n = 1 to N nodal networks , 
n = 1 to N - 1 , a nth network middle layer that is adjacent to 35 wherein : 
and below the nth network output layer to a ( n + 1 ) th network N is greater than or equal to two ; 
middle layer that is adjacent to and above the ( n + 1 ) th each of the n = 1 to N nodal networks comprises a nth 
network input layer . network input layer , a nth network output layer , 

6. The computer - implemented method of claim 2 , and one or more nth network middle layers , 
wherein : wherein the each of the nth network input layer , 

adding the plurality of cross - connections comprises ini the nth network output layer and the one or more 
tializing , by the computer system , a connection weight nth network middle layers comprises at least one 
for each of the plurality of cross - connections to a value node , wherein the one or more nth network middle 
of zero ; and layers are between the nth network input layer and 

evaluating the plurality of potential cross - connection 45 the nth network output layer , wherein the nth 
comprises , for each potential cross - connection , esti network input layer is below the one or more nth 
mating an improvement to the stacked network through network middle layers , and the one or more nth 
addition of the potential cross - connection with connec network middle layers is below the nth network 
tion weight updates for the potential cross - connection output layer ; and 
through iterative training . prior to merging the N nodal networks , there are no 

7. The computer - implemented method of claim 1 , further cross - connections between nodes of the N net 
comprising adding , by the computer system , a combining works ; 
network to the stacked network , such that each of the n = 1 to after training , at least partially , the n = 1 to N nodal 
N output layers are input to the combining network . networks , merge the N nodal networks into a stacked 

8. The computer - implemented method of claim 2 , further 55 network , such that the nth nodal network is below the 
comprising adding , by the computer system , a combining ( n + 1 ) th nodal network , such that the ( N - 1 ) th nodal 
network to the stacked network , such that each of the n = 1 to network is below the Nth nodal network , wherein 
N output layers are input to the combining network . merging the N nodal networks comprises adding to 

9. The computer - implemented method of claim 7 , the stacked network a plurality of cross - connections 
wherein training the N nodal networks comprises training , at 60 between nodes of the N nodal networks , such that , 
least partially , each of the N nodal networks to perform a for a value of n between 1 and N - 1 inclusive , at least 
same classification . one of the plurality of cross - connections comprises a 

10. The computer - implemented method of claim 9 , cross - connection from a node of on a middle layer of 
wherein training the N nodal networks comprises training the nth network to a node on a middle layer of a pth 
each of the N nodal networks to be part of an ensemble . network , where p is greater than n , such that the node 

11. The computer - implemented method of claim 1 , on the middle layer of the pth network covers the 
wherein merging the N nodal networks comprises merging , node on the middle layer of the nth network ; and 
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after adding the plurality of cross - connections , train the add the plurality of cross - connections by initializing a 
stacked network . connection weight for each of the plurality of cross 

18. The computer system of claim 17 , wherein the connections to a value of zero ; and 
memory stores further instructions that cause the one or evaluate the plurality of potential cross - connection by , for 
more processors to add the plurality of cross - connections by : 5 each potential cross - connection , estimating 

evaluating potential cross - connections between two of the improvement to the stacked network through addition 
of the potential cross - connection with connection N nodal networks , wherein each potential cross - con weight updates for the potential cross - connection nection is an arc between a first node in a first of the N through iterative training . 

nodal networks and a second node in a second of the N 23. The computer system of claim 17 , wherein the 
nodal networks , and wherein the evaluation of the memory stores further instructions that cause the one or 
potential cross - connection is based on an estimated more processors to add a combining network to the stacked 
improvement in an objective of the stacked network network , such that each of the n = 1 to N output layers are 
that includes the evaluated potential cross - connection ; input to the combining network . 
and 24. The computer system of claim 18 , wherein the 

adding a plurality of the potential cross - connection to the memory stores further instructions that cause the one or 
stacked network based , at least in part , on the evalua more processors to add a combining network to the stacked 

network , such that each of the n = 1 to N output layers are tion such that , after the plurality of cross - connections 
are added to the stacked network , a node in the second input to the combining network . 

of the N nodal networks covers a node in the first of the 20 N nodal networks are trained to perform a same classifica 25. The computer system of claim 23 , wherein each of the 
N nodal networks . tion . 19. The computer system of claim 18 , wherein the esti 

mated improvement in the objective of the stacked network 26. The computer system of claim 25 , wherein the N 
for the evaluated potential cross - connection is determined nodal networks are trained to be part of an ensemble . 

based on , at least in part , activation values of the first node 25 nodal networks are merged such that , for n = 1 to N , the nth 27. The computer system of claim 17 , wherein the N 
and estimates of partial derivatives of the objective with 
respect to activation of the second node . network output layer is directly connected to an output of the 

stacked network . 20. The computer system of claim 17 , wherein the 
memory stores further instructions that cause the one or 28. The computer system of claim 17 , wherein the 

memory stores further instructions that cause the one or more processors to merge the N nodal networks by merging 30 
the N nodal networks such that each of the n = 1 to N network more processors to add the plurality of potential cross 
input layers receives input data for the stacked network . connections to the stacked network by adding the plurality 

21. The computer system of claim 20 , wherein the of potential cross - connections to the stack network such that 
memory stores further instructions that cause the one or the knowledge of each of the N nodal networks is preserved . 
more processors to add the plurality of cross - connections by 29. The computer system of claim 17 , wherein the 
adding cross - connections from , for n = 1 to N - 1 , a nth memory stores further instructions that cause the one or 
network middle layer that is adjacent to and below the nth more processors to add the plurality of potential cross 
network output layer to a ( n + 1 ) th network middle layer that connections to the stacked network by adding the plurality 
is adjacent to and above the ( n + 1 ) th network input layer . of potential cross - connections to the stack network such that 

22. The computer system of claim 20 , wherein the performance of the stacked network is improved with each 
memory stores further instructions that cause the one or added potential cross - connection . 
more processors to : 
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